
ABSTRACT 

BARLOW, STEFANI MARIE. Modeling the Effectiveness of a Combined Rainwater 
Harvester – Smart Irrigation System to Aid in Water Conservation Goals. (Under the 
direction of Dr. Garry Grabow). 

Irrigation accounts for a significant proportion of residential water use, about seven 

billion gallons per day nationwide (US EPA, 2008). The irrigation industry developed “Smart 

Irrigation” controllers to improve automatic irrigation applications. Rainwater harvesters can 

mitigate the effects of increased stormwater runoff that lead to erosion, flooding, and harmful 

levels of nutrient runoff. These technologies if combined could decrease water use from 

municipal sources and reduce runoff. The challenge was to address competing objectives: 

“smart irrigation” wants to apply less water, while the rainwater harvester needs to use its 

captured water.  

To address these two objectives, an Excel™ - based model that would predict water 

uses for a combined smart irrigation-rainwater harvester system was created. The model 

dubbed “Smart Harvester Model” (SHM) simulated turfgrass irrigation for three locations in 

North Carolina: Jacksonville, Raleigh, and Charlotte, and three types of precipitation 

regimes: wet, dry, and normal, over an annual period using daily time-steps. The simulated 

“smart irrigation” controllers were a standard irrigation controller with rain sensor (RS), an 

evapotranspiration (ET) controller, and soil moisture sensor (SMS) controller. Each 

controller was modeled at two settings, and varying frequency of applications (e.g. 2 per 

week, 3 per week, or daily) and run year-round. Additionally, two ET controller treatments 

were run only during the growing season (April-October). This study’s objectives were to:  



1. Determine if this type of system can reduce the use of municipal water for 

irrigation purposes 

2. Determine the impact the varying factors would have on reducing water demands 

3. Determine if a financial benefit can be realized  

4. Implement a field study to test the ability of the SHM to predict applied irrigation 

depths.  

Three evaluation metrics were developed to measure the system’s functionality: 

combined efficiency (meets both stormwater and agronomic goals), agronomic efficiency 

(uses less municipal water), and stormwater efficiency (less cistern overflow). Economic 

benefits were calculated using a benefit-cost ratio (BCR) that assumed an automatic 

irrigation system was already in place. Irrigation based on long-term irrigation requirements 

(control) and actual irrigation requirements (theoretical) were also simulated to provide a 

comparison for each system’s BCR as well as irrigation adequacy and efficiency.  

The SHM simulated the Onslow County Center’s (Onslow, NC) existing rainwater 

harvesting system. The contributing rooftop area is 1,700 m2 (18,000 ft2) and drained to four 

cisterns with total capacity of 38 m3 (10,000 gal). The irrigated area was 740 m2 (8,000 ft2) 

per the criteria provided to the engineer.   

None of the simulations for a combined system were cost effective. Average BCR 

was 0.77, and therefore would not see a cost savings until after the lifetime of the system. 

However, some scenarios (mostly wet years with SMS controllers) achieved 100% 

agronomic efficiency. Stormwater efficiency tended to be lower than agronomic across all 



simulated systems. The standard controller with rain sensor had highest ratings for both 

stormwater and combined efficiency.  Varying the ET controllers’ yearly run schedules did 

not affect the three metrics evaluated.  

Field testing occurred at the Onslow County Center from April 2012 to March 2013 

testing an ET controller and standard system with rain sensors at two settings. Results 

between observed and simulated weekly pairs indicated significant differences of applied 

irrigation depths for the ET controller (p-value = 0.001) and no significant differences for the 

two rain sensors (p-values > 0.05). The observed rain delay durations were on average 14 

hours longer than the delay duration the SHM assumed (24 hours).  

 The SHM was capable of predicting applied irrigation depths for rain sensors, but 

could improve ET controller predictions. Overall, implementing this system is site specific 

and would require careful planning and management.   
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 REVIEW OF LITERATURE CHAPTER 1.

Introduction 

Globally, increases in population and signs of climate change continue to challenge 

water managers to develop ways to make water usage more efficient. One area of focus on 

water conservation is turf irrigation. Homeowners and property managers remain interested 

in visually appealing landscapes and are willing to spend significant amounts of money to 

maintain a high-quality lawn. Increasing regulations and restrictions on watering during 

droughts, such as the restrictions imposed in North Carolina in July 2007 (Bracken and Lim, 

2008), place limits on the ability to water. Therefore, measures to limit the amount of potable 

water designated for irrigation are of concern.  

One practice that may curb water use is the use of “Smart Irrigation” controllers. 

Smart irrigation controllers supplement an irrigation system and use real-time weather data 

and conditions to control the depth and frequency of irrigation events (Irrigation Association, 

2007). A smart controller eliminates the need for human interaction, by providing more 

precise system performance. Rain sensors, soil moisture sensors, and evapotranspiration 

controllers are smart technologies both currently available and still being developed. Rain 

sensors will interrupt or cancel an irrigation event after a specific amount of rain has fallen. 

Soil moisture sensors are embedded in the soil and assess water content to determine if an 

irrigation event is necessary. An evapotranspiration (ET) controller uses the current weather 

conditions to adjust the watering schedule (Irrigation Association, 2007). According to the 

Irrigation Association (2011), these controllers can reduce annual water use for a typical 

home irrigation system by 20-40%.  
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Another method that may conserve potable water resources is rainwater harvesting. A 

rainwater harvesting system captures rooftop runoff and stores it so that it can be used at a 

later time, typically for non-potable purposes (Fewkes and Butler, 2000).  This technique has 

generated interest for its ability to decrease potable water use, reduce peak runoff flows, 

reduce runoff volume from impervious surfaces, and also aid in nutrient removal (Jones and 

Hunt, 2010). Potential uses for stored water include car washing, toilet flushing, and lawn 

irrigation. Using stored rainwater as an alternative source for irrigation water can help offset 

the strain on potable water as treatment costs are avoided; however, more conclusive research 

is needed to optimize irrigation use with rainwater supply.  

Drawbacks to Schedule Based Irrigation Controllers 

Most residential irrigation system controllers are programmed with start and length-

of-run times that determine the frequency and duration of events. Typical frequencies are 

either daily or two day intervals, and these are subject to regulations and recommendations 

for different localities. Seasonal variability in temperature and precipitation may also lead 

homeowners to manually adjust the program if they determine that turf quality has declined 

(Fazackerley and Lawrence, 2010). A fixed setting for frequency and duration is incapable of 

adapting to the long term variability in water demand. This often leads to problems of either 

over-irrigation or under-irrigation.  

Over-irrigating has several consequences that have been documented in literature. 

Over-irrigating may cause nitrogen leaching, especially in sandy soils. Over-irrigation can 

also result in an increase in weeds (Colbaugh and Elmore 1985; Youngner et al., 1981), as 
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well as supporting pathogen growth and activity (Davis and Dernoeden 1991; Kackley et al., 

1990). Consequences of under-irrigation (inadequacy) include decreased turf quality in the 

form of discolored, non-uniform grasses, and decreased shoot density. Conversely, less 

frequent and longer irrigation events may decrease susceptibility of leaching and improve 

overall turf quality and health (Snyder et al., 1984). Less frequent irrigation can also induce 

conditions that lead to a deeper root system, increased shoot density, and slowed shoot 

growth, which benefits the homeowner or landscape manager (Jordan et. al, 2003). Under-

irrigation may also lead to higher soil temperatures which have been shown to negatively 

affect root growth and mortality (Jordan et al., 2003).   

Irrigation Practices 

An irrigation schedule is intended to provide the appropriate depth and frequency of 

watering at each irrigation cycle. Scheduling therefore must take into account weather and 

growing stages of the crop. A soil water balance is one way irrigation managers determine 

scheduling (Allen et al., 1998): 

D�,� = D�,��� − 	P − RO� − I���,� − CR� + ET�,� + DP� 
where,  

Dr = depletion of water from the root zone (indexed from field capacity), mm  

P = daily precipitation, mm 

RO = runoff, mm 

Inet = net irrigation depth, mm 

CR = upward flux from the groundwater table, mm 

[1.1] 
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ETc = crop evapotranspiration, mm 

DP = percolation, mm.  

The subscript “i” refers to the time period over which the balance is computed. 

Effective precipitation (Pe) is differentiated from actual precipitation as it is the 

portion of rainfall that contributes to evapotranspiration (ET) (USDA-ARS, 1962). 

Ineffective precipitation contributes to deep percolation and runoff. Capillary rise does not 

significantly contribute to irrigation requirements, especially if root zone depths are shallow, 

and the water table is deeper than 1 m (Blonquist et al., 2006). Effective precipitation can 

therefore be defined based on the following (Obreza and Pitts, 2002): 

�� = � − �� − �� 

where, 

 Pe = effective precipitation, mm 

 P = precipitation, mm 

 DP = deep percolation, mm 

 RO = runoff, mm.  

Effective precipitation is estimated based on the soil-water balance, and the USDA 

NRCS (formerly SCS) TR-21 methodology calculates Pe on a monthly basis (USDA, 1970): 

�� = ��	�0.69533 × �'(.)*+�, − 0.11556. × 10(.(((/00123 
where,  

 Pe = effective monthly precipitation, mm 

 SF = soil water storage factor, dimensionless 

[1.2a] 

[1.2b] 
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 Pm = average monthly precipitation, mm 

 ETc = crop evapotranspiration, mm.  

The soil water storage factor (SF) according to TR-21 methodology is given as: 

�� = 0.53 + 0.0116� − 8.94 × 10�0�* + 2.32 × 10�7�8 

where, 

 D = usable soil water storage, mm.  

The above equation is usually estimated using D as 40 – 60% of available soil water holding 

capacity within the plant root zone.  

Crop stress is also a consideration when developing an irrigation schedule. As the 

plant becomes stressed for water, ET will decrease. This is due to the increased amount of 

energy required to extract water from the soil, and in some plants the ability to regulate 

transpiration under water stress conditions by stomatal closure. Thus, when soil moisture 

levels are below a threshold to fully support ET in a plant, a crop stress coefficient, Ks, is 

applied to ET calculations (Allen et al., 1998).   

Crop evapotranspiration, ETc, is dependent upon weather conditions and crop 

characteristics. ETc can be estimated using an index of crop coefficients and reference 

evapotranspiration, ET0 (Hargreaves and Samani, 1985). The standard for calculating ET is 

the Penman-Monteith equation (Allen et al., 1998) which incorporates a wide range of 

weather and crop variables. Reference ET can also be calculated using a modified 

Hargreaves equation which requires only temperature and latitude and is as follows: 

ET( = 0.0135R9	T:�;� + 17.8 [1.3a] 

[1.2c] 
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R9 = k>?	T:;@ − T:��(.0R; 

where, 

Tmean = average of the observed maximum and minimum daily temperatures, °C 

Rs = solar radiation, W m-2 d-1 

kRs = location adjustment coefficient, dimensionless 

Tmax = maximum daily temperature, °C 

Tmin = minimum daily temperature, °C 

Ra = extraterrestrial solar radiation for the location, W m-2 d-1.  

The actual crop needs are computed using the following equation (Allen et al., 1998): 

ET� =	K� × ET( 

where,  

Kc = crop coefficient, dimensionless  

ET0 = reference ET, mm d-1. 

Reference ET (ET0) is the ET from a reference stand of either alfalfa or cool-season, 

clipped grass that is fully shaded and sufficiently watered. Computer programs that estimate 

crop evapotranspiration are also available. One example is Ref-ET (Allen, 2004) which 

allows the user to estimate ET0 based on a variety of inputs about the specific location and 

crop type. The user also specifies the method in which to calculate ET0, which includes a 

choice of versions of the Penman-Monteith and Hargreaves equations.  

[1.3b] 

[1.4] 
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The amount of water that a soil can store for plant usage is total available water 

(TAW) (Allen et al., 1998). Field capacity (FC), permanent wilting point (PWP), and root 

zone depth (RZ) all impact available water, as shown in the following equation: 

 

TAW = 	FC − PWP × RZ100  

where,  

TAW = total water available to plants at field capacity, mm  

FC = percentage of volumetric water content the soil can hold (traditionally at 0.3 bar 

tension), % VWC 

PWP = minimum percentage of volumetric water content in the soil that a plant can 

access (traditionally taken at 15 bar), % VWC 

RZ = root zone depth, mm. 

In irrigation scheduling, soil water content is managed to range between FC and the 

management allowable depletion (MAD) level. MAD is chosen based on crop and soil type, 

and is usually greater than the PWP level so the plants do not experience unnecessary stress. 

The amount of water that is available to be used before irrigation is readily available water 

(RAW) and is calculated according to Irrigation Association (2005): 

RAW = MAD × TAW 

where, 

RAW = readily available water, mm 

MAD = management allowed depletion, % 

[1.5] 

[1.6] 
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TAW = total available water, mm. 

The net irrigation requirement (NIR) is the amount of irrigation required after 

accounting for effective rainfall, crop requirements (ETc), MAD, and capillary rise (assumed 

zero in most applications). The NIR can therefore be expressed as (Allen et al., 1998):  

GH� = IJK − �� 

where, 

 NIR = net irrigation requirement, mm 

 ETc = crop evapotranspiration, mm 

 Pe = effective precipitation, mm. 

Gross irrigation requirements are used to determine actual applied irrigation depths. 

While the net irrigation depth is based on the soil water holding content, Pe, and ETc 

determined by the previous equation, gross irrigation depth is dependent on both the net 

irrigation requirement and the efficiency of the irrigation system. Gross irrigation is the 

amount of water that is drawn from its source. As system efficiency is difficult to determine 

quantitatively, it is estimated by uniformity low half distribution uniformity (DUlh), which 

can be found from the low quarter distribution uniformity (DUlq). DUlq is defined as the ratio 

of the average lower one-fourth of irrigation depths applied to the overall average applied 

depth (Warrick, 1983).  Low half distribution uniformity can be approximated as follows 

(Warrick, 1983): 

DUMN = 38.6 + 0.614 × DUMO 

where,  

[1.8] 

[1.7] 
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DUlh = low half distribution uniformity, value 0 - 100 

DUlq = low quarter distribution uniformity, %.  

This equation is then used to estimate gross irrigation requirement (Irrigation Association, 

2005; Davis et al., 2007): 

GIR = NIR × 100DUMN 

where,  

GIR = gross irrigation requirement, mm 

DUlh = low half distribution uniformity, dimensionless. 

NIR = net irrigation requirement, mm. 

When addressing irrigation scheduling, the Irrigation Association (2008) developed 

Smart Water Application Technologies (SWAT) testing protocols for smart controllers. Two 

metrics have been developed to determine how well water applied follows the theoretically 

developed water budget and schedule. Irrigation efficiency (IE) and irrigation adequacy (IA) 

quantify over- and under-irrigation respectively, and are usually calculated when testing 

smart controllers (Irrigation Association, 2008). Irrigation efficiency measures if water 

applied is being effectively stored in the readily available water supply of the soil (Irrigation 

Association, 2008): 

 

IE = NIR − Scheduled	LossesNIR × 100 

where,  

[1.9] 

[1.10] 
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IE = irrigation efficiency, % 

NIR = net irrigation required, mm 

Scheduled Losses = amount of water applied in excess of field capacity (runoff and 

deep percolation), mm.  

Irrigation efficiency can be affected by a number of physical factors that include soil 

and crop type. The irrigation schedule determines additional factors that pertain to the timing 

of application and the environmental conditions during application. High irrigation efficiency 

is desired (90% - 100%) as less water will be lost to deep percolation, wind drift, and runoff 

(USDA, 1993). Irrigation adequacy considers the ability of the controller to maintain soil-

water levels above MAD. The following equation describes this (Irrigation Association, 

2008):  

 

IA = ET� − DeficitET� × 100 

where,  

IA = irrigation adequacy, %  

Deficit = depth of water below MAD, mm. 

Where irrigation adequacy is concerned, the desired watering level has a large impact. 

Controllers in arid climates may be set to irrigate fully to field capacity while those in humid 

regions may include some storage area in the root zone for additional rain events before the 

next scheduled application (USDA, 1993). Irrigation managers will desire an irrigation 

schedule that will not permit the crop to go into stress conditions. Therefore, high irrigation 

[1.11] 
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adequacy is desirable. These two measures, efficiency and adequacy, may be used to evaluate 

the efficacy of an irrigation schedule.  

Smart Irrigation Technologies 

Smart technologies may be the key to increasing efficiency while preserving an 

aesthetic and healthy landscape because they are capable of adjusting both irrigation depths 

and application frequencies automatically. Three systems in particular have been gaining 

interest: soil moisture sensor based controllers, evapotranspiration based controllers, and rain 

sensors that can be integrated with standard controllers.  

Soil Moisture Sensors  

Soil moisture sensor (SMS) systems are used to provide feedback for irrigation 

scheduling when installed with an automatic irrigation system. The sensors operate on two 

different principles: one type measures water content tensiometrically, and the other 

volumetrically. Tensiometers determine the matric potential of the soil using a vacuum gage 

to measure water movement into or out of the soil through a ceramic cup, and determine 

water content using the resulting pressure head (Muñoz-Carpena et al., 2005). In turf and 

landscape applications, granular matrix sensors are used instead of tensiometers, but more 

frequently, sensors that measure volumetric water content are used in SMS systems. 

Volumetric water content is normally determined by the dielectric constant of the soil-air-

water profile. Thus, typical volumetric methods make an inference of soil water content. 

Dielectric devices commonly use Time Domain Reflectometry (TDR), Frequency Domain 

Reflectometry (FDR), and Time Domain Transmission (TDT). These sensors are commonly 
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used due to inexpensiveness and relative ease of wiring these sensors into an irrigation 

system. A SMS system typically functions by disallowing a scheduled irrigation event when 

soil moisture conditions are above a user-set threshold.  The sensors are usually buried in the 

root zone where the driest section of turf is expected to be, therefore allowing ample 

irrigation for all zones in a multi-zonal landscape. The soil moisture threshold may be 

adjusted for regional rainfall patterns and the accepted level of turf quality (McCready et al., 

2009).  

A central Florida study in sandy soil evaluated SMS performance at different 

threshold settings and compared water savings with turf quality. A low threshold setting of 

about 7% soil volumetric water content produced the highest water savings applying 40% - 

74% less water than a timer scheduled system, but negatively impacted turf quality 

(McCready et al., 2009). The medium and high threshold plots, with medium approximately 

equal to field capacity at 10% volumetric water content, little difference in turf quality was 

observed and both were rated well. However, the medium setting resulted in higher water 

savings ranging from11% - 53% (compared to the timer system).  Another Florida study 

found similar results when testing different brands of SMS systems with water application 

savings ranging from 69% -92% compared to a standard irrigation system, and suggested that 

the SMS represents a “promising” new technology (Cardenas-Lailhacar, 2008). These 

reductions in water usage can amount to significant cost savings for homeowners over time, 

ranging from $5 - $100 per month based on average water prices and a 1,000 m2 turf grass 
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plot (Blonquist Jr. et al., 2006). Thus, SMS technology has the potential to produce 

homeowner benefits by decreasing water consumption. 

Evapotranspiration (ET) Controllers 

Evapotranspiration controllers are designed to meet the water demand for a range of 

plants or crops. An ET controller added to an irrigation system functions to replace ET 

requirements to the crop (or turf) based on the calculations performed by the controller using 

available weather data. ET is estimated according to variables such as solar radiation, 

temperature, and other weather conditions (Davis et al., 2007). Functioning as irrigation 

scheduling devices, ET controllers use historical weather, on-site weather data, or off-site 

weather data to estimate ET for a given time period. The controllers with on-site weather 

sensing may use variables such as temperature, solar radiation, rainfall, ET, or other weather 

station capabilities such as wind speed. The remote systems use paging services to receive 

ET data from a nearby weather station. ET controllers require more user input than an SMS 

system.  For the controller to function at optimum efficiency, information on soil and plant 

types, root depth, and solar radiation are required (McCready et al., 2009).  

Most ET controller studies conducted in residential turf settings have found a 

reduction in water use.  A Las Vegas, NV study by Devitt et al. (2008) found an average 20% 

decrease in water applied compared to a non-ET controller system. Homeowners were 

surveyed at the conclusion of the study and 87% stated they felt turf quality either improved 

or did not change. Another study conducted in Florida by Davis et al. (2007) during summer 

and fall seasons compared commercially available brands of ET controllers. All of the 
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controllers reduced overall water application, but either over- or under-estimated the 

theoretical ET requirement depending on the controller treatment. Variability of rainfall 

during summer seasons inevitably plays a factor in the efficiency of these systems. 

McCready et al. (2009) tested the performance of two brands of ET controllers and found an 

overall reduction in water demand ranging from 25% to 63% when compared to a standard 

timer-based system. The authors stressed the importance of providing the correct settings for 

the system. Overall, for smart controllers to function to their full potential, proper 

programming and installation procedures need to be followed.  

Rain Sensors 

Rain sensors can supplement an automatic irrigation system to bypass irrigation 

events. These devices shut off the system after a user-defined rainfall depth. The sensor must 

‘dry-out’ before allowing another watering cycle. Two types in particular can be found 

commercially, the first involving a hygroscopic disk that expands as the sensor is wetted by 

rainfall. When the disk expands to the required threshold, it interrupts the irrigation controller 

from initiating irrigation. The bypass will remain on while the disk is wet, and once dried out 

will open the circuit to allow watering again (Cardenhas-Lailhacar, 2008). Less widely used 

methods involve water collection, which stops irrigation after the determined weight of water 

has been obtained. Watering is continued when the same amount has evaporated (Cardenhas-

Lailhacar, 2008). Another approach is to detect the water level in a receptacle using 

electrodes. However, debris and small animal/insect interference may affect the sensors’ 

accuracy. Regardless, many models are manufactured to wirelessly interact with an 
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automated irrigation system, making them fairly easy to implement. Many municipalities in 

states such as New Jersey, North Carolina, South Carolina, Georgia, Texas, Minnesota, 

Connecticut, and Florida go so far as to require by ordinance that systems be fitted with rain 

sensors as part of normal operation (Dewey, 2003; Cardenhas-Lailhacar, 2008). 

Rain sensors have reduced watering costs and usage in several studies. Cardenhas-

Lailhacar (2008) evaluated the impact of rain sensors in central Florida during a wet year. 

Rain sensors set to lower depth settings tended to remain in bypass mode longer and would 

switch modes easily due to the high relative humidity conditions. Sensors set to higher depth 

settings performed closer to expectations and had bypass initiations that corresponded to 

measured rainfall depths. Overall, the potential for water savings increased as the set point 

was decreased. A simplified economic analysis found that most of the set points tested had 

payback periods of less than one year. This is because the initial cost of installing a rain 

sensor is relatively low. Depending on the area irrigated, a single bypassed irrigation event 

can result in a large amount of water saved. The study also recommended that neither the 

highest (25 mm) nor lowest (3 mm) settings are used for the central Florida area due to a lack 

of significant water savings from the high settings, and high humidity conditions affecting 

the accuracy of the sensor for the lower settings. McCready and Dukes (2010) found that 

irrigation scheduling also had an effect on rain sensor performance, and that frequent and 

smaller applications were more conducive to improving irrigation efficiency and adequacy. 

Treatments with low threshold points and infrequent irrigation periods resulted in lower turf 

ratings (McCready et al., 2009).  
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Rainwater Harvesting Technologies 

Rainwater harvesting for domestic water supply has existed since 3000 B.C. but 

recently has been gaining interest in developed nations as a measure for stormwater control 

(Abdel Khaleq and Alhaj Ahmed, 2007). Rainwater collection and storage is of interest as it 

highlights the differences between uses that require treated water versus untreated water. 

Collected water that is not used for purposes such as toilet flushing, laundry, irrigation, etc. is 

slowly discharged and therefore does not contribute to peak stormwater runoff (NC DSWC, 

2011). Design considerations and applications will ultimately depend on the intended use of 

the system and other site-specific conditions.   

Rainwater Harvesting System Design 

Designing a rainwater harvesting (RWH) system is relatively simple. Construction 

usually involves a guttering/conveyance system, first flush diverter, fines filter, 

cistern/storage tank, and a pump (NC DWQ, 2008). A guttering or conveyance system 

collects the rooftop runoff and routes water to a cistern/tank. Research in urban and rainwater 

pollution references the “first flush” as the initial runoff that contains the highest amount of 

contaminants or debris (Adams, 1998). Therefore, a “first flush” diverter can be included to 

divert polluted water from the collection tank. If the tank supplies water for indoor uses a 

first-flush diverter is usually necessary, but for irrigation purposes this is unnecessary. A 

fines filter prevents debris that may be washed off the roof from entering the system. The 

storage tank or cistern stores captured rainwater until a pump conveys water to its intended 
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use. Systems designed for industrial or commercial purposes may include additional filtration 

or water treatment devices.  

Sizing of the cistern tank depends on intended usage and collection area. The 

following equation may be used to determine the cistern volume required to capture a target 

rainfall depth (NC DWQ, 2008).  

 

V = 	R` × A × P1000 

where,  

V = volume of runoff, m3  

Rv = runoff coefficient, decimal 

A = area that drains to the cistern, m2  

P = depth of stormwater to be captured, mm.  

The runoff coefficient included in these calculations is to account for filters’ 

collection efficiencies or circumstances where stormwater may not reach the cistern. In most 

applications, a factor of 0.9 is acceptable (Mun and Han, 2011; Ward et al., 2010).  

Convective thunderstorms are common in summer months, and are characterized by 

short duration, high intensity rainfall. North Carolina has 40-50 thunderstorms per year on 

average (Miller et al., 1983; Dingman, 2002). These storms can produce significant runoff, 

especially in areas with high percentages of impervious surfaces. Benefits of RWH systems 

are realized in urban areas, where runoff pollution is a known problem, and in rural areas 

looking to supplement existing water supplies. Diverting the “first flush” is beneficial in 

[1.12] 
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itself, as the portion of stormwater that has the highest concentration of contaminants such as 

fecal coliforms, nitrates, and suspended solids, is safely collected (Gerba et al., 1995; NC 

DWQ, 2008).  

RWH Software Simulation Models 

Numerous RWH system models have been developed in an attempt to improve design 

and sizing estimates. Basinger et al. (2010) developed the Storage and Reliability Estimation 

Tool (SARET) for urban non-potable water uses. The model evaluates the effectiveness of 

using rainfall data sets generated using non-parametric stochastic methods as opposed to 

parametric generators or historical data sets. Non-parametric stochastic rainfall has no regular 

pattern and is computer generated (i.e. not observed). However, the authors used 

“bootstrapped” Markov chains from historical data sets for New York, NY to determine their 

simulated precipitation data. Reliability of a RWH system is affected by rainfall distribution 

patterns and the intended use of captured stormwater. The uses evaluated in SARET include 

toilet flushing, irrigation, and air conditioning unit top-off. SARET evaluates reliability by 

counting the number of “failures”, or inability to sufficiently meet demand, for the 

simulation. Overall, the study found that the type of rainfall data set used in simulation 

affected the number of predicted failures.  

Fewkes and Butler (2000) developed a number of models that employ a “behavioral 

model” method. The behavioral model simulates the system’s operations by calculating mass 

flows using an algorithm determined by the user’s input. The authors conducted a sensitivity 
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analysis by varying time intervals for hourly, daily, and monthly time steps. Efficiency of the 

overall system was determined using the following: 

Ea = ∑ cdedfg∑ hdedfg × 100 

where,  

ET = water saving efficiency, % 

Yt = yield to the system (supply), m3 

Dt = demand from the system (water usage), m3. 

This metric compared water used to water required, but did not penalize for situations 

where the storage facility would overflow. Additionally, the model accounted for and tested 

Yield After Spill (YAS) and Yield Before Spill (YBS) techniques of calculating the mass 

balance for rainwater storage. The YAS technique adds rainwater to the storage facility first, 

then determines spillage (overflow), and lastly determined the demand (yield) withdrawn. 

The YBS technique calculates demand (yield) withdrawn before spillage (overflow) occurs. 

The YAS technique is generally more conservative, since it leads to more scenarios where ET 

values are lower than a YBS technique. The hourly models were found to have the highest 

accuracy, while YAS-determined models were determined to be a good standard to calibrate 

or compare other models.  

Jones and Hunt (2010) completed a monitoring study in three North Carolina 

locations. The monitoring results were then compared to Rainwater Harvester 2.0 model 

outputs. The model employed a behavioral model technique and simulated RWH system use 

and supply for 30 year historical data in daily intervals and 15-year historical data for hourly 

[1.13] 
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time intervals. Water demands were toilet flushing, irrigation (formal and non-formal) 

scheduling, and vehicle washing. The study’s objective was mainly to determine proper sizes 

for collection tanks, and found that the tank size needed to better correspond with the 

intended use of water so overflows and dry periods were less common. Rain barrels (~ 208 

L) were deemed ineffective at meeting irrigation demand under any scenario conducted. 

Many of the model outputs also noted the diminishing return in efficiency as the ratio of 

cistern size to contributing roof area ratio increased beyond an observed threshold. Overall, 

the development of Rainwater Harvester 2.0 lead to the requirement of system modeling 

(focusing on intended use, cistern size, and contributing roof area) before stormwater 

treatment credit would be awarded (NC DWQ, 2008).  

Rainwater Harvesting Applications 

Salinity is an issue often addressed in the push to move irrigation water sourced away 

from potable water. Saline water applied to residential lots from recycled sources can include 

reclaimed sewage water, and in rarer cases, over-pumped groundwater reserves affected by 

saltwater intrusion (Marcum, 2006). In residential applications, and especially pertaining to 

harvested rainwater, this is offset by the fact that rainwater is rarely saline (VA DCR, 2007). 

Additionally, it is important to note that in many cases irrigation requirement is met by 

rainfall events alone, so collected rainwater is unlikely to have a negative effect on irrigation.   

A successful application of stored rainwater occurred in China, where rainwater was 

applied to potato crops (Yuan et al., 2003). When approached from a supplemental irrigation 

standpoint, RWH turned out to be an economically feasible alternative for that region, and 
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even increased crop yields. Agricultural systems are generally different than turf, since drip 

irrigation systems can be used that apply water more efficiently than sprinkler systems.  

Working with homeowners presents its own set of challenges in that the effectiveness 

of the RWH depends heavily on whether the residents actually use it. Jones and Hunt (2010) 

conducted part of their study in Craven County, NC, and analyzed cistern depletion in which 

the intended use was irrigation. No irrigation system was involved and landscape caretakers 

simply watered with a hose end whenever they deemed necessary. The result was that the 

RWH system was rarely used. The largest cistern depletion was 70% of tank capacity, but for 

about half the year (fall and winter) the cistern remained full. This illustrates problems turf 

irrigation use, as its seasonal requirements mean that the cistern will remain full while turf 

grass is mostly dormant or requires little irrigation water during winter months. This leaves 

less room to store future storm events in the cistern. The study also noted that the cistern was 

placed in a location where it would be least visible, due to concerns about appearance. This 

was suggested to have had a psychological effect on those using the system; if the tank was 

out of sight it would be less likely to be used as the water source for irrigation. The addition 

of a programmed irrigation system, smart or otherwise, would have eliminated that effect. 

Overall, it was concluded that the cistern was either sized inappropriately or simply 

underutilized.  

Similar issues with homeowners were noted in Tsai et al., (2011). This study 

identified four treatments to maximize water conservation, and one was to use a RWH 

system for both indoor and outdoor water uses. For the first year, uses between treatments 
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were not statistically different.  The second year, significantly more water was used from the 

RWH cistern and the other treatments. This alludes to the effective learning-curve that needs 

to be considered when dealing with the general public. Two households admitted to 

modifying their systems, and the result was an increase in use of their cisterns, suggesting 

that RWH system’s units need to be tailored to the homeowner based on their individual 

needs.  As RWH system uses continue to become more popular, and the public more 

educated on proper use, the efficiency of RWH practices can be expected to improve.  

Economic Considerations for Rainwater Harvesting Systems 

Rainwater harvesting has the potential for financial savings. There are many 

assumptions associated with a financial analysis that impact results. Some examples include 

initial investment, economic lifespan, maintenance costs, and intended use. In many cases it 

can take years for a newly installed system to pay for itself. The assumption that RWH 

systems will provide enough water for their intended use can be an issue (Seckin, 2010), as 

RWH systems are expected to collect adequate water for subsequent usage. When water 

resources are essential during a drought, the RWH storage unit is likely to be dry. In events 

where the system needs to be dewatered (a storm), it is inefficient to allow the system to 

dewater onto the landscape, since the landscape will already be wet. Connection to a smart 

irrigation system may minimize this, but the cistern runs the risk of overflowing. 

Overflow is more of a concern when systems are to receive stormwater credits. In 

North Carolina, one must meet specified stormwater design standards (NC DWQ, 2008). The 

state recognizes the need for nutrient reduction in stormwater entering its waterways, with 
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the premise being that a reduction in stormwater runoff will lead to a reduction in harmful 

nutrient loading. Water collected with the RWH unit must capture rooftop runoff for a 

specified design storm and either use it on site (i.e., irrigation water), treat and release, or 

channel it to another approved best management practice (BMP) such as an infiltration basin. 

The technical guidance also stipulates that if irrigation is the intended purpose for captured 

stormwater that the system must be designed to run year-round. If the system cannot run all 

year (often due to winterizing and freezing concerns), adding a BMP to treat runoff is 

acceptable. In economic analyses, stormwater credits can be an attractive incentive for 

installing a RWH system and are therefore necessary to consider if the locality supports 

stormwater credits.  

Evaluating the payback period (break-even point) for a project is one of the main 

ways to determine a project’s economic viability. Often, marketing literature distributed by 

RWH system manufacturers will underestimate the payback period of a RWH system by not 

including operation and maintenance (O&M) costs, discount rates, or by overestimating the 

hydraulic capabilities of the system (Roebuck and Ashley, 2006). Roebuck and Ashley 

(2006) developed a more conservative model for estimating the whole life-cycle cost of a 

RWH system. The authors found that in their simulation, O&M costs totaled 26.4% of total 

expenses over a 65-year analysis period. These additional costs lead to a 4-year extension of 

the payback period when compared to manufacturer estimates. However, a different study 

stated O&M costs were approximately 1% of RWH system cost (Khastagir and Jayasuriya, 

2011). An element that Roebuck and Ashley (2006) and other authors (Domenech and Sauri, 
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2011; Khastagir and Jayasuriya, 2011) use is a more conservative (higher) interest rate in 

calculations which ultimately leads to longer payback periods of 14 - 17 years. Interest rates 

are often not included in manufacturer estimates or other marketing literature. The interest 

rate represents the cost of spending money that could have been used for other projects. This 

is also often referred to as an “opportunity cost”. Domenech and Sauri (2011) reported 

payback periods of up to 60 years when evaluating water usage for single and multi-family 

homes where uses were either toilet flushing, garden irrigation, laundry, or a combination of 

those. In a number of these scenarios the interest rate ranged from 0% – 4%. The authors 

note that interest rates may also overestimate the payback period since other social and 

environmental benefits are realized and may not necessarily have an associated monetary 

value.  

Findings common to these studies were that under favorable conditions the RWH 

system could produce water and monetary savings, stressing that site-specific design is 

necessary. Favorable conditions may include government rebates, high water prices, low 

O&M costs, low interest rates, and high hydraulic efficiencies. A common assumption was 

that water prices would increase in the next five years, particularly in Australia, but likely for 

other parts of the world as well (Khastagir and Jayasuriya, 2011). Other site conditions such 

as mean annual rainfall and tank size had an impact on the variability of payback periods, 

particularly for low rainfall areas (Khastagir and Jayasuriya, 2011). While there are potential 

cost savings, one study in Denmark states that a large scale implementation (i.e., government 

program) would be impractical (Mikkelsen et al., 1999). Areas with water shortages would 
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be better candidates for widespread implementation; however the authors note that it would 

be more expensive to implement this type of system than to investigate other ways improving 

available water resources such as reducing demand or mitigating existing water supply 

problems (such as groundwater contamination). A large portion of water dedicated towards 

household use can still be replaced by rooftop runoff, where improvements at the site-

specific level may contribute toward making these systems economically feasible.  

Conclusion 

To the author’s current knowledge, there is no published research for both smart 

controllers and rainwater harvesting’s irrigation application, and the need for both an 

economic and environmentally sound solution is great. The combination of these practices 

may yield a sustainable system, but the conflicting ideologies of ‘capture and release’ with 

‘allow or bypass’ creates some challenges to be carefully considered. The incentive is present 

by reducing potable water costs and potentially receiving stormwater credits. Installing these 

systems at the individual level requires that the systems are both constructed and maintained 

properly, which requires education and a general interest in the issue of water conservation. 

Smart controllers are typically easy to ignore (or in some cases easy to manipulate), therefore 

connecting them to a rainwater cistern would make the system highly visible and the 

homeowner more likely to take interest.  

It has become apparent that combining the technologies of smart controllers and 

rainwater cisterns may provide some new insight to water reuse and conservation. Alone, the 

technologies provide noted benefits towards overall watershed health, but if combined 
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properly they can provide a sustainable system that requires little input from homeowners. 

When residential irrigation withdrawals are estimated at 71% of municipal withdrawals 

(Baum et. al, 2005), a much needed decrease may be achieved with a combined RWH and 

“smart irrigation” system.  

Objectives 

The objective of this research was to determine if a rainwater harvesting system was a 

feasible approach to providing an alternative water source for irrigation purposes. The 

competing purposes of the smart irrigation system and the rainwater harvester questioned the 

intricate processes described by a daily water balance. The goal was to determine the sources 

of water withdrawals and how they related to efficient uses of water.  

The modeling approach was ideal because there is little previous research to indicate 

the success of these types of systems; therefore an additional goal was to determine the 

conditions under which the proposed system would provide maximum benefit to the user. 

The economic results were also considered when identifying optimal conditions. A 

commercial property manager/owner would have a different set of objectives than a 

homeowner.  A rating system was developed to estimate the overall efficiency of the system, 

as well as address objectives that both irrigation and stormwater managers would deem 

necessary.  

This research can be used to provide groundwork for configurations that may be 

implemented in the future. Smart controllers are mostly in test stages as more products 
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become commercially available. Manufacturers would be interested and benefit from an 

additional use for their products, and in showing their contribution to resource conservation.  
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 DEVELOPMENT OF SMART HARVESTER MODEL AND CHAPTER 2.

EVALUATION OF SIMULATION RESULTS 

Introduction 

Increasing population and widespread drought conditions have challenged water 

managers to find ways to conserve this increasingly important natural resource. Landscape 

irrigation continues to comprise a large percentage of residential water use, approximately 

33% for a typical American home (US EPA, 2008). The same report estimates that over 50% 

of that water is wasted due to overwatering. Smart irrigation controllers use sensors to work 

with automatic irrigation systems to more efficiently apply water to landscapes (Irrigation 

Association, 2008). Studies have shown that systems with smart controllers have the 

potential to decrease irrigation water use 20-40% while maintaining a healthy and 

aesthetically pleasing landscape (Irrigation Association, 2011). In addition to water supply 

and use issues, conversion of rural lands into urban areas has challenged public works 

directors to manage increases in stormwater runoff that contribute to water pollution and 

stream bank erosion (NC DWSC, 2011). Stormwater control devices such as rainwater 

harvesters are capable of mitigating some of these effects (Jones and Hunt, 2010). With these 

issues in mind, it is necessary to investigate new technologies that may better manage 

municipal water used for irrigation purposes. 

Smart irrigation technologies may be the key to increasing irrigation efficiency while 

preserving an aesthetic and healthy landscape. Three systems in particular have been gaining 

interest; soil moisture sensor (SMS) based controllers, evapotranspiration (ET) based 

controllers, and rain switches (RS). A SMS typically functions by preventing a scheduled 
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irrigation event when soil moisture conditions are above a user-set threshold. A soil moisture 

sensor is buried in the soil and provides measurements of soil water content to the controller. 

The controller may be adjusted for different moisture content thresholds based on site 

specific conditions or the desired level of turf quality (McCready et al., 2009). In addition to 

the single set-point soil moisture controllers, two-setpoint systems can be used for on-

demand watering (Grabow et al., 2013). The controller can be programmed to have two set-

points: the lower initiates an irrigation event, and the upper (advisable to set just below field 

capacity) terminates irrigation. SMS systems work best when watering is allowed daily and 

either irrigates or bypasses based on the prevailing soil moisture conditions. SMS systems 

were found successful at reducing water applications, up to 92% when compared to a 

standard timer-based irrigation controller (Cardenas-Lailhacar, 2008). In addition to SMS 

systems, ET controllers are also capable of reducing water use for irrigation (Grabow et al., 

2013). An ET controller added to an irrigation system replaces ET requirements to the turf or 

landscape based on the calculations performed by the controller using available weather data. 

ET is calculated according to variables such as solar radiation fluxes, temperature, or other 

climatic conditions (Davis et al., 2007). While fairly arduous in terms of the amount of user 

inputs required, these controllers have been found to have an overall reduction in water 

demand from 25% to 63% compared to standard timer-based systems in a Florida study 

(McCready et al., 2009). Rain switches (also referred to as rain sensors) were the first form 

of smart irrigation and create a relatively simple system. Rain switches supplement an 

automatic irrigation system by shutting off the system after a user-defined rainfall depth has 
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occurred. The sensor must then ‘dry-out’ before watering is allowed again (Cardenhas-

Lailhacar, 2008).  Due to their simplicity and success in reducing applied irrigation water, 

many municipalities in states such as New Jersey, North Carolina, South Carolina, Georgia, 

Texas, Minnesota, Connecticut, and Florida require by ordinance that systems be fitted with 

rain sensors as part of normal operation (Dewey, 2003). 

Rainwater harvesting (RWH) systems are very useful for providing an alternative 

source of non-potable water, as well as functioning as a stormwater control device. Collected 

water that is not used for household purposes such as toilet flushing, laundry, irrigation, etc. 

can be slowly discharged and therefore will not contribute to peak stormwater runoff flows 

discharging to natural water systems (NC DSWC, 2011). Stored rainwater has been used to 

irrigate potato crops in China (Yuan et al., 2003). When approached from a supplemental 

irrigation standpoint, rainwater harvesting was shown to be an economically feasible 

alternative for that region, and even increased crop yields. However, agricultural systems are 

generally different than turf, since drip irrigation can be employed and is more efficient at 

water application.  

An inherent issue with RWH systems that are not connected to an automated system 

is underutilization. Jones and Hunt (2010) in a study conducted in Craven County, NC, 

analyzed cistern depletion in which the intended use was irrigation. No fixed irrigation 

system was involved, landscape caretakers simply watered with a garden hose whenever they 

deemed necessary. The result was that the RWH system was rarely used. The largest cistern 

depletion was 70% of tank capacity, but for half the year (fall and winter) the cistern 
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remained at full capacity. Similar issues with homeowners were noted by Tsai et al., (2011), 

who looked at four strategies to maximize water conservation, one of which used RWH for 

indoor and outdoor water uses. The strategies evaluated were: 1) installing smart irrigation 

controllers, not connected to a RWH unit ; 2) installing a RWH system in domestic 

residences; 3) conducting outreach programs; and 4) using soil moisture amendments to 

increase soil moisture retention. For the first year uses between treatments weren’t 

statistically different; however, more water use from the cistern occurred in the second year. 

As the use of RWH becomes more mainstreamed, and the public more educated on proper 

use, the efficiency of RWH systems in replacing potable water can be expected to improve. 

Rainwater harvesting is an attractive area of research due to the potential for financial 

savings. However, there is a lot of variability in expected outcomes due to the wide range of 

factors (such as rainfall patterns, irrigated area, tank size, water price, maintenance, 

installation costs, etc.), and it can take many years for a newly installed system to pay for 

itself. In addition, collecting enough water to meet irrigation demand is frequently a problem 

(Seckin, 2010). Often, marketing literature distributed by RWH system manufacturers will 

underestimate the payback period of a RWH system by not including operation and 

maintenance (O&M) costs, financing costs, or by overestimating the hydraulic capabilities of 

the system. Roebuck and Ashley (2006) developed a more conservative model for estimating 

the whole life-cycle cost of a RWH system than what is typical for marketing literature. The 

authors found that in their simulation, O&M costs totaled 26.4% of total expenses. These 

additional costs extended the payback period four years when compared to manufacturer 
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estimates. Another concern is cistern overflow events, especially when applying for another 

financial incentive associated with RWH: stormwater credits. To receive credits in North 

Carolina, one must meet specified design standards (NC DWQ, 2008). The state recognizes 

the need for nutrient reduction in stormwater runoff to reduce harmful nutrient loading to 

receiving streams. Design guidelines stipulate water collected with the RWH unit must 

capture rooftop runoff for a specified design storm and either use it on site (e.g. irrigation 

water, car washing, and toilet flushing), treat and release it within a specified draw down 

time, or channel it to another approved best management practice (BMP) such as an 

infiltration pond.    

The research presented herein is intended to determine if a rainwater harvesting unit 

is a technically and economically feasible approach to providing an alternative water source 

for irrigation purposes. The competing objectives of the smart irrigation system to conserve 

water and the RWH unit to act as a stormwater control device require investigation of several 

processes that can be described by a daily water balance. The goal is to determine the relative 

quantities of RWH system and municipal water withdrawals and how they relate to efficient 

uses of water.  

The “Smart Harvester Model” was developed to simulate the performance of an 

irrigation system with smart irrigation technology with the main water supply collected by a 

RWH system. This system combines the objectives of resource conservation and reuse with 

stormwater management. Three general types of smart irrigation technologies were compared 

for ten treatments overall: rain sensor, ET controller, and soil moisture sensor as well as 
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theoretical and control treatments. The rain sensor and soil moisture treatments contained 

two settings for high and low irrigation thresholds. The ET controller was used for four 

treatments to evaluate the effects of two seasonal irrigation schedules as well as two rain 

delay settings. More detailed information on treatments is contained in “Experimental Design 

for Determining Differences in Treatment Combinations” as well as table 2.1. These 

treatments were used to assess efficiency based on metrics developed herein. These metrics 

measured efficiency from both an agronomic and stormwater management perspective. 

Finally, cost effectiveness of the system was evaluated and is presented as benefit cost ratios 

(BCRs) for the treatments imposed upon the system.  

Materials and Methods 

Weather and Soil Characteristic Data 

Developing the Smart Harvester Model (SHM) required gathering weather information 

for the simulations. Weather data from three locations across North Carolina (Jacksonville, 

Raleigh, and Charlotte) were used to provide a range of rainfall distribution patterns. In 

addition to different locations, three rainfall regimes regular, wet, and dry were simulated. 

Rainfall regime was determined by obtaining daily rainfall data from the National Climatic 

Data Center in Asheville, NC (NOAA, 2010) for each location for 30 years. The annual 

records were sorted by total rainfall depth and separated into terciles. The tercile with the 

least rainfall represented “dry” years, the next tercile represented “regular” years, and the 

tercile with the highest depth represented “wet” years. An annual record from each tercile 
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was selected for use in the model for each location, yielding a total of nine rainfall records. 

Monthly rainfall depth distributions are illustrated in figures 2.1–2.3.  

Each selected year needed a corresponding daily evapotranspiration (ET) record. The 

industry standard for calculating reference ET (ET0) is the Penman-Monteith equation (Allen 

et al., 1998) which incorporates a wide range of weather and crop variables. Reference ET 

can also be estimated using the modified Hargreaves equation that requires only temperature 

and latitude (Hargreaves and Samani, 1985). Reference ET is the ET from a reference stand 

of cool-season clipped grass, fully shading the ground and sufficiently watered. Computer 

programs that estimate reference evapotranspiration are also available, and one example is 

Ref-ET. This program allows the user to estimate reference ET by several methods based on 

a variety of inputs about the specific location and reference crop type. Ref-ET version 

3.01.02 (Allen, 2004), was used to calculate daily ET0 using the modified Hargreaves 

method: 

IJ( = 0.0135�i	J'�jk + 17.8  

�i = lmn	J'jo − J'pk(.0�j   

where, 

Tmean = average of the observed maximum and minimum daily temperatures, ºC 

Rs = solar radiation, W m-2 d-1  

kRs = adjustment coefficient based on location, (0.16 used here) 

Tmax is the maximum daily temperature, ºC 

[2.1a] 

[2.1b] 
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Tmin is the minimum daily temperature, ºC 

Ra = extraterrestrial solar radiation for the location, W m-2 d-1. 

Crop evapotranspiration, ETc, is dependent upon weather conditions and crop 

characteristics. A value for ETc can be estimated using an index of crop coefficients and ET0 

(Hargreaves and Samani, 1985). ETc was computed according to Allen et al. (1998): 

IJK =	qK × IJ(   

where,  

Kc = crop coefficient, (dimensionless) 

ET0 = reference ET, mm d-1. 

Warm season turf was the only landscape material simulated in this application, and a 

crop coefficient of 0.6 was used (Romero and Dukes, 2009). Information to complete these 

calculations was taken from the same weather stations used to determine rainfall records. The 

same daily low temperature records for each location and rainfall regime were also used in 

the model to compute freeze periods for the ET controller, further discussed in “Calculating 

Irrigation Depths and Scheduling- ET Controller”. In summary, nine annual weather records 

were used as input to the model and included wet, dry, and regular precipitation, 

corresponding daily ET, and corresponding daily low temperatures.  

 General soil characteristics such as field capacity, permanent wilting point, and turf 

root zone depth were obtained for each of the three locations. Soil information such as field 

capacity (FC) and permanent wilting point (PWP) as volumetric water content (VWC) were 

retrieved from the Web Soil Survey (USDA, 2012) online database. Root zone depths were 

[2.2] 
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determined according to Allen et al., (1998). Warm turf (the crop type used for model 

simulations) was assumed to have a 152 mm (6 in.) root zone depth.  

User Inputs 

 The Smart Harvester Model was developed to model the systems selected as part of 

the experimental design. Three locations representing different regions of North Carolina: 

Jacksonville, Raleigh, and Charlotte were available options. Weather regime was also set by 

the user as a wet, dry, or regular. Different crop types were provided: warm turf, cool turf, 

ornamentals/annuals, and shrubs, although only results for warm turf are presented. Three 

smart technology types were available for selection (rain sensor, soil moisture sensor, and ET 

controller) with two irrigation threshold settings for each. Results for a “control” irrigation 

schedule and a theoretical (“perfect”) irrigation schedule were also provided (see Figure 2.6). 

The rain sensor technology modeled by the SHM is an expanding disk rain sensor common 

to several manufacturers. Modeling this specific type of rain sensor allowed the user to 

choose a rain threshold setting of 6 mm or 3 mm (0.25 in or 0.125 in, respectively) which are 

standard settings for the equipment. The ET Controller modeled in the SHM imitated the 

specific technology utilized in a Weathermatic Smartline 1600 (Weathermatic, Garland, TX). 

The ET controller in actual practice contains many settings that the user is able to 

manipulate, however the SHM allowed the user to change only the delay period after the rain 

sensor reset; either 24 hours or 48 hours. The soil moisture sensor technology the SHM 

modeled was a sensor that measures volumetric soil-water content and has a user interface 

module to set soil moisture thresholds above which irrigation is bypassed. The sensor 
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threshold options in the SHM were either Management Allowed Depletion (MAD) equal to 

50% or MAD equal to 33%. Determining MAD and total available water (TAW) is further 

discussed in the “Calculating Irrigation Depths and Scheduling – Soil Moisture Controller” 

section.  

Each technology was governed by the irrigation schedule set by the user, therefore 

checkboxes were provided to indicate days of the week and months of the year watering was 

allowed. Refer to Figure 2.4 for a visual of the model Input screen. For the simulation, 

watering was assumed to take place year round, however, in practice it should be noted that 

freezing may be a concern in some areas, or the landscape may not require irrigating in 

dormant months. The ET controller utilized by the model had a freeze function to shut off 

watering when the temperature fell below 1.5 °C. The soil moisture and rain sensors do not 

have a similar feature by themselves. In most situations, the irrigation system would 

normally be winterized, usually from November to March, by draining the lines to prevent 

freezing and pipe bursts. The smart irrigation systems were modeled to run year-round to 

provide stormwater mitigation and be eligible to receive stormwater credits from NC DENR 

(NC DWQ, 2008). If this assumption held for actual implementation, it would require more 

maintenance by the owner to manage freezing conditions. To investigate the system’s 

performance only during summer months, the Control treatment and an additional ET 

controller treatment were included to run only April through October.  

 Several descriptors of the overall RWH system were required as well. The cistern size 

and contributing roof area were mandatory for water supply calculations. A capture factor 
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was included to represent the percentage of rainfall collected by the tank. Recent literature 

suggests that 90% is an acceptable rate (Mun and Han, 2011; Ward et al., 2010) and was used 

for each simulation. Irrigated area for one crop type was required, thus, only one irrigation 

zone may be modeled for a given simulation. Finally, the efficiency of the irrigation system 

was included to compute gross irrigation and cistern withdrawal volumes.  

Irrigation Depths and Scheduling 

Standard Controller with Rain Sensor (RS) 

 The Smart Harvester Model irrigation schedule was governed by weekly and monthly 

checkboxes (see Figure 2.4) which reflected the user preferred schedule or a schedule 

dictated by local ordinance. Irrigation frequency was one of the treatments tested in the 

model evaluation and was changed by selecting specific watering days.  

For the simulations, application depths were determined for the standard controller 

and the soil moisture controller treatments. The standard controller was simulated by a set 

irrigation depth for the peak use period and adjusting that depth according to a monthly 

percent adjust schedule. The maximum (100% for the percent adjust key) irrigation depth 

was determined using Ref-ET software to find the maximum monthly ET depth. Maximum 

and minimum temperature inputs to Ref-ET were taken from NOAA (2010), which provided 

the normal monthly temperatures for a series of locations in North Carolina. These ET depths 

were used to calculate gross irrigation depths, and then divided by the number of irrigation 

events in a month as shown in the following equation: 

H�rstii =	IJs'jo × lu × �((
1v × 7

8�×k [2.3] 
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where, 

IDgross = gross irrigation depth, mm d-1 

ETrmax = maximum monthly reference evapotranspiration, mm d-1 

kC = crop coefficient, 0.6 for warm turf 

Ea = application efficiency, 80% for simulations 

n = number of runs per week (dimensionless). 

Rain sensor thresholds of either 6 mm (0.25 in) or 3 mm (0.125 in) of rainfall were 

assumed. It was assumed that rainfall occurred after the day’s irrigation event, and therefore 

a depth over the threshold would affect the next day’s irrigation. A dry-out period of 24 

hours was assumed for each sensor delay, meaning that if rainfall exceeded the threshold 

point on the previous day, irrigation events would pause for the current day. This assumption 

is consistent with results found in Cardenas-Lailhacar and Dukes (2008) where the majority 

of rain sensors set for a 3 mm threshold remained in bypass mode for less than 24 hours.  

To achieve a gross application depth, the efficiency of the system was needed. A sprinkler 

system was modeled for these simulations. Sprinkler systems generally have efficiency 

ratings between 70% and 80%, therefore an application efficiency of 80% was assumed 

(Fangmeier and Biggs, 1986). The monthly percent adjust schedule was determined by 

calculating the proportion of the maximum ET: 

%	xyz. = 	 12{|}~�	12{v� × 100 

where, 

% Adj. = percent adjustment, % 

[2.4] 
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ETmonth = total monthly ETc, mm mo-1 

 ETmax = maximum ETc per month, mm mo-1. 

The standard controller with a rain sensor’s adjusted gross irrigation depth was then 

defined by the following equation: 

H�j�� = H�rstii ×%	xyz 
where, 

IDadj = adjusted gross irrigation depth, mm event-1 

 IDgross = gross irrigation depth, mm event-1 

% Adj. = percent adjustment, %. 

These calculations ultimately lead to higher application depths in the spring and 

summer months, and lower application depths in the winter and fall.  

Decision factors for RS irrigation events were the irrigation schedule, rainfall 

threshold setting, and daily rainfall depths. Two conditions needed to be satisfied for 

irrigation to take place. First, the irrigation schedule needed to allow irrigation that day. Next, 

the previous day’s rainfall needed to be less than the rain sensor’s set point, which also 

satisfied the 24 hour dry-out period. If these conditions were met, irrigation depth was 

calculated based on Equation 2.5.  

Evapotranspiration Controller (ET) 

 The ET controller irrigation depth calculations used the daily ET data sets supplied 

for the location and weather regime. Irrigation depths were determined from a running ET 

balance that accumulated over non-watering days. The ET balance reset to zero after an 

[2.5] 
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irrigation event and during rain delays. Net applied irrigation depth was calculated by 

multiplying daily reference ET by the specified crop coefficient: 

H�k�� = ∑ IJ(,p 	× qK,pkp��  

where, 

IDnet = application depth, mm event-1  

ET0,i = reference evapotranspiration for day i, mm d-1 

Kc,i = crop coefficient for day i, (dimensionless) 

n = number of days since previous irrigation event, d.  

Gross irrigation depth was calculated as: 

H�rstii = H�k�� 	× �((
1v  

where, 

IDgross = gross application depth mm event-1 

IDnet = net application depth, mm event-1  

Ea = application efficiency, %.  

The gross application depth multiplied by the irrigated area represented the volume of 

water that was withdrawn from the respective water source.  

 Scheduling decisions for the ET controller also depended on several factors. 

Conditions for temperature, irrigation schedule (days to water), rainfall thresholds, and rain 

delay settings needed to be met. Two settings for rain delay were used in the model 

simulations; 24 hours and 48 hours. The rainfall threshold was fixed at 6 mm (0.25 in) for all 

simulations. After the rain delay was triggered, the model would reset the ET balance to zero 

[2.6] 

[2.7] 



 

 
 

 
42 

(Weathermatic, 2009). The irrigation schedule was determined by the user for a set number 

of events per week, as with the standard controller. Additionally, the seasonal irrigation 

schedule was tested by allowing irrigation year round for two of the four ET treatments, 

while the other two only irrigated April-October. See “Experimental Design for Determining 

Differences in Treatment Combinations” for more detailed description of treatments. The 

modeled ET controller also employed a freeze function, meaning that if temperatures fell 

below 1.5 ºC (37 ºF) irrigation would be suspended for the day. When all of these conditions 

were met, irrigation was allowed on days which a) were included in the days to water 

schedule, b) had daily low temperatures greater than or equal to 1.5 ºC (37 ºF) c) did not have 

a rainfall event above the 6 mm (0.25 in) threshold the previous day, and d) did not have 

rainfall above the threshold within the selected rain delay period. 

Soil Moisture Sensor Controller (SMS) 

 The soil moisture sensor (SMS) application depth was calculated as the difference 

between the soil moisture level in the root zone and FC. Total available water and readily 

available needed to be calculated first. The amount of water that can be used by plants is 

referred to as total available water (TAW) (Allen et al., 1998). Root zone depth (RZ), FC, 

and PWP all affect total available water, as shown in Equation 2.8 (USDA, 1993; McCready 

and Dukes, 2010; Irrigation Association, 2005): 

Jx� = 	�� − ���100 × �� 

where, 

[2.8] 
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 TAW = total water available to plants at field capacity, mm  

FC = field capacity, % VWC  

PWP = permanent wilting point, % VWC 

RZ = root zone depth, mm.  

Field capacity (FC) is defined as the percentage of volumetric water content that a 

specific soil can hold, traditionally at 0.3 bars tension but dependent on soil texture. 

Permanent wilting point (PWP) is the volumetric soil water content that a plant can no longer 

extract water in the root zone, and is assumed to occur at 15 bars tension (Allen et al., 1998). 

In irrigation scheduling, soil water content is ideally managed to range between FC and the 

management allowable depletion (MAD) level. MAD is chosen based on crop and soil type, 

and is usually greater than the PWP level so the plants do not undergo stress. The amount of 

water that is available between FC and MAD is referred to as readily available water (RAW) 

and is calculated as follows (Irrigation Association, 2005): 

�x� = �x� × Jx� 

where, 

 RAW = readily available water, mm 

 MAD = management allowed depletion, % 

 TAW = total available water, mm.  

[2.9] 
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Simulated irrigation depths were based on field capacity for the location and the soil moisture 

sensor threshold, as shown in Equation 2.10 below:  

 

H�k�� = �� − �����s�i100 × �� 

where, 

IDnet = irrigation depth, mm 

FC = field capacity as volumetric water content (VWC), % 

RZ = root zone depth, mm 

SMSthres = soil moisture sensor threshold, % VWC 

User input determined the soil moisture threshold. SMS threshold represented the 

level to which the irrigation manager would allow the root zone to be depleted before 

requiring an irrigation event. SMS threshold was simulated for two different settings: the 

high setting allowed irrigation when 30% of RAW was depleted and the low setting allowed 

50% of water in the root zone to be depleted before irrigation was allowed. These thresholds 

are represented in the following equation: 

�����s�i = �u
�((−�x� � �u

�((− ���
�(( �  

where, 

 SMSthres = soil moisture threshold, %  

FC = field capacity as volumetric water content (VWC), % 

PWP = permanent wilting point as volumetric water content (VWC), %. 

[2.10] 

[2.11] 
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Once threshold and irrigation depths were determined, a water balance was 

developed. With the water balance, SMS threshold, and irrigation depth accounted for, the 

model could then make decisions on whether the SMS controller would allow or bypass an 

irrigation event. Two conditions were required: 1) irrigation would only occur on a user 

defined day, and 2) the previous day’s water balance needed to be below the defined 

threshold. If these conditions were met, an irrigation event was allowed. The water balance 

formula was based on the Smart Water Application Technology (SWAT) testing protocol 

outlined by Irrigation Association (2008): 

���p = ���p�� + � × 0.8 − IJ( × qu × qi + H�k�� 
where, 

SWCi = total water within the soil profile on day i, mm  

R = rainfall, mm 

ET0 = reference ET, mm  

Kc = crop coefficient (dimensionless)  

Ks = crop stress coefficient (dimensionless)  

IDnet = net irrigation depth, mm. 

 
The 0.8 in Equation 2.12 represents effective rainfall, or the proportion of rainfall that 

is expected to reach the root zone. The upper limit to the soil moisture profile was set at FC; 

therefore any water added to the soil profile that would bring the moisture content above 

field capacity was treated as runoff and not added to the soil water balance.   

[2.12] 
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 The crop stress coefficient, Ks, was included to model instances where soil moisture 

fell below MAD and the turf began to undergo stress. The plant becomes stressed for water 

and ET decreases. In warm season grasses, this is due to physiological characteristics in the 

plant that allow it to cope with drought stress. As the plant begins to sense stress, it will close 

any stomata that are non-essential for basic respiration. In cool season grasses, this is due to 

the increased energy required to extract soil-water as the soil dries. Thus, when soil moisture 

levels are below a threshold to support full ET in a plant, a crop stress coefficient, Ks, is 

applied to ET calculations (Allen et al., 1998).  The stress coefficient was calculated on a 

daily basis using the following function: 

qi = �1																																								��	���p�� > �x�2���	�u×m����u��g	���2�� 				��	���p�� < �x�  

where, 

Ks = crop stress coefficient, (dimensionless)  

SWCi-1= previous day’s soil water content, mm 

RAW = total readily available water, mm 

TAW = total available water, mm 

FC = field capacity as volumetric water content (VWC), % 

RZ = root zone depth for the specified crop type, mm 

p = assumed proportion of TAW at which that the crop begins to undergo stress, 

decimal.  

The value for p represents the proportion of TAW within the root zone readily 

available to the crop that can be extracted without experiencing stress. Food and Agriculture 

[2.13] 
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Organization has determined that this value is 0.5 for warm season turf (Allen et al., 1998). 

To obtain a gross irrigation requirement, the net irrigation depth was multiplied by the 

inverse of the application efficiency (Equation 2.7).  

Theoretical Irrigation Demand (THE) 

 A theoretical irrigation demand was also developed as a comparison for the three 

smart technologies. The theoretical water balance was calculated almost identically to the 

SMS controller, but was not subjected to the irrigation schedule, and applied the exact depth 

of water to bring the soil profile to field capacity. Daily irrigation depletion for the theoretical 

demand was expressed according to the following equation: 

H�rstii = �((
1v × 	 �u�(( × �� − ���p�� 

where, 

IDgross = gross applied irrigation depth, mm 

Ea = application efficiency, % 

FC = field capacity, %VWC 

RZ = root zone depth for crop type, mm 

SWCi-1 = previous day’s total soil water content, mm.  

The daily theoretical water balance assumed rainfall occurred after an irrigation 

event, and therefore did not penalize for potential runoff. The only condition required for an 

irrigation event was that the previous day’s water balance fell below the soil water content 

associated with MAD, which was set at 50%.  

[2.14] 
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Control (CTL) 

 A control irrigation schedule was also developed to compare smart irrigation 

performance. This treatment’s application depths were determined exactly as the standard 

controller. However, this treatment differed from the rain sensor treatment by allowing 

irrigation only during the warm turf growing season (assumed April – October), and no rain 

sensor was modeled. See equations 2.3, 2.4, and 2.5 to obtain the adjusted irrigation depths 

and schedule.  

Cistern Volume Calculations 

Collected rainfall volume was determined by the user-defined inputs rooftop area and 

capture factor, and by daily rainfall:  

�pk = m��((( × �� × xs 

where, 

Vin = volume of rooftop runoff entering the cistern, m3 

Ri = daily rainfall depth, mm 

CF = capture factor, (dimensionless) 

Ar = contributing roof area, m2. 

Irrigation depth applied was converted to the volume of water exiting the tank, shown 

in the following equation: 

�pss = ����|nn�((( × xpss 

where, 

[2.15] 

[2.16] 



 

 
 

 
49 

Virr = volume of water used for irrigation, m3 

IDgross = gross applied irrigation depth calculated according to smart technology type, 

mm 

Airr = irrigated area, m2. 

Accounting for daily tank volumes and application depths required the use of a water 

mass balance. It was critical that the volume calculations established an order of operations. 

It was assumed that rainfall would occur in the afternoon, or for modeling purposes, after 

irrigation would occur. The water balance was computed at the day’s end and irrigation 

events were assumed to begin at midnight. This approach can be described as a Yield-

Before-Spill calculation commonly seen in literature (Fewkes and Butler, 2000; Islam et al., 

2010). Thus, irrigation water was withdrawn from the cistern before rainfall was added. This 

detail affected both municipal water withdrawal and overflow volumes, described in the 

proceeding paragraphs. Figure 2.5 illustrates the cistern mass balance used for volume 

calculations. 

The SHM was designed to provide irrigation water first from the cistern then 

supplement from a municipal source if needed. Any rainfall was added to the cistern until 

overflow occurred. Municipal withdrawals and overflow volumes were calculated according 

to the following equations:  

�� =  �pss − �2,p��			��	�2,p�� < �pss0																									��	�2,p�� > �pss 

where,  

VM = volume of water withdrawn from a municipal source, m3 

[2.17] 
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Virr = volume of water required for irrigation, m3 

VT = volume of water stored in cistern the previous day, m3.  

Overflow volume was calculated as: 

�¡ =  �2,p�� − �pss + �pk				��	�2,p�� + �pk − �pss > �'jo0																																				��	�2,p�� + �pk − �pss < �'jo 

where, 

VO = volume of water exceeding the cistern’s capacity and therefore spilled, m3 

Vin = volume of rooftop runoff entering the cistern, m3 

Virr = volume of water used for irrigation, m3 

Vmax = capacity of the storage tank, m3. 

 A metric was developed herein to evaluate the overall performance of the proposed 

system that would incorporate both stormwater management and water conservation goals. 

To evaluate overall efficiency, the following equation was used: 

 

I2t� =	 ∑ �2¢p8,0p��∑ �2¢p8,0p�� + ∑ ��p8,0p�� + ∑ �¡p8,0p�� × 100 

where, 

ETot = total efficiency expressed as a percentage, % 

VTUi = calculated volume of water withdrawn from the cistern on day i, m3 

VMi = volume of water withdrawn from a municipal source on day i and therefore 

supplementing the cistern, m3 

[2.18] 

[2.19] 
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VOi = volume of water exceeding the cistern’s capacity on day i and is therefore 

spilled, m3. 

The efficiency calculation’s purpose was to evaluate successful cistern utilization 

meeting two design goals on an annual basis. A higher efficiency rating would imply that the 

cistern had fewer instances of either running dry or overflowing. Calculating efficiency in 

this manner penalized the system for having an excess or lack of water supply to the irrigated 

area. To better examine the agronomic and stormwater management objectives, this 

efficiency rating was modified to create independent ratings for each objective. Agronomic 

efficiency was calculated as follows: 

 

I�r =	 ∑ �2¢p8,0p��∑ �2¢p8,0p�� + ∑ ��p8,0p�� × 100 

where, 

EAg = agronomic efficiency expressed as a percentage, % 

VTUi = calculated volume of water withdrawn from the cistern on day i, m3  

VMi = volume of water withdrawn from a municipal source on day i, m3. 

This method did not penalize for instances where the cistern was overflowing, and 

was only concerned with providing adequate irrigation supply. A higher agronomic 

efficiency would imply that the system was capable of supplying the majority of its irrigation 

demand from stored rainwater and rainfall. Agronomic efficiencies were summed on an 

[2.20] 
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annual basis for comparison among treatment combinations. An irrigation manager or water 

supply official may find this more useful than the combined efficiency calculation.  

Stormwater management objectives were assessed using the following equation: 

 

I�£ =	 ∑ �2¢p8,0p��∑ �2¢p8,0p�� + ∑ �¡p8,0p�� × 100 

where, 

ESw = stormwater efficiency expressed as a percentage, % 

VTU = calculated volume of water withdrawn from the cistern on day i, m3  

VO = volume of water exceeding the cistern’s capacity on day i, m3. 

The stormwater efficiency rating penalized for water that was not captured by the 

stormwater control device (cistern), therefore rendering it ineffective in achieving its 

management goals. This calculation did not penalize for any municipal withdrawals; 

although stormwater management is certainly concerned with conserving resources, from a 

stormwater credit approval standpoint the municipal withdrawals are superfluous. Analyzing 

the annual ratings provided information for comparison of the different treatment 

combinations tested. Figure 2.6 shows the Output screen for the Smart Harvester Model.  

Financial Analysis 

The financial analysis assessed the feasibility of a smart irrigation-RWH system. The 

analysis assumed that a properly designed automatic irrigation system was already installed 

at the site, and capital costs only included only those associated with the rainwater harvester 

[2.21] 
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system, installation, and addition of smart controllers. An interest rate of 6% was applied to 

calculations to account for the opportunity cost of using capital for the unit. Interest rates 

vary in literature from 3.5%, 4%, or 10%; therefore a rate of 6% was chosen for this analysis 

(Roebuck and Ashley, 2006; Domenech and Sauri, 2011; Khastagir and Jayasuriya, 2011). A 

capital recovery factor was used to determine an annual ownership cost of the rainwater 

harvester system. The equations used to determine total annual ownership costs are shown 

below: 

 

��� =	 � × 	1 + �k	1 + �k − 1 

where, 

CRF = capital recovery factor, dimensionless 

i = interest rate, % 

n = lifetime, years. 

�t£k = 	�m¤ + �� + �i × ��� 

where, 

 Cown = annual cost of rainwater harvester ownership, $ 

 CRH = initial cost of rainwater harvester, $ 

 CI = initial cost of RWH installation, $ 

 CS = initial cost of smart controller, $ 

 CRF = capital recovery factor, dimensionless. 

[2.22] 

[2.23] 
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A lifetime of 20 years was assumed for both components: rainwater harvester, and 

respective smart irrigation unit. Other financial studies reference equipment life cycles 

ranging from 25-100 years, therefore a more conservative assumption of a 20 year life cycle 

was employed (Ward et al., 2010; Roebuck and Ashley, 2006). Smart irrigation component 

costs and sources can be found in table 2.2.  

Repair and maintenance costs found in the literature varied significantly, ranging 

from 1% - 26% of the cost of the system over its lifetime. In this analysis, annual repair and 

maintenance costs were treated as an annual percentage (2%) of the initial cost of the 

rainwater harvester system. The equation to calculate annual repair and maintenance is 

shown below: 

�¡� = x� × �m¤ 

where, 

COM = annual cost of operation and maintenance, $ 

AP = annual percentage, % 

CRH = initial cost of rainwater harvester system, $. 

Next, annual pumping hours were used to estimate operating costs assuming a 1 hp 

pump was used to run irrigation cycles. Electricity costs were applied to the annual pumping 

hour calculations to find annual energy costs. Specifically, the electricity cost was assumed 

to be 0.0826 $/kWh, which is an average estimate for the state of North Carolina with a 

commercial property for 2012 (Energy Information Administration, 2013). Calculations are 

based on the irrigation depths called for by each sensor type, and are illustrated below: 

[2.24] 
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�¥ =	 ¦������� × s§�((( 

where, 

PH = pumping hours required, hr yr-1 

Virr = volume of irrigation water pumped, m3 

Airr = area irrigated per zone, m2 

rI = irrigation rate, mm hr-1 

�� = �� × �¥ × 1̈ 

where, 

Ce = annual energy cost, $ yr-1 

SM = size of pump motor, kW 

PH = pumping hours required, hr yr-1 

rE = electricity rate, $ kWh-1. 

Water costs were calculated based on 2011-2012 area rates for Jacksonville, Raleigh, 

and Charlotte’s monthly usage rates (UNC Environmental Finance Center, 2012). These rates 

are summarized in table 2.3. Wastewater rates were not included as water applied for 

irrigation purposes does not usually require wastewater treatment fees.  

Finally, cost of water consumed per year from the municipal source was added to the 

annual ownership costs, repair and maintenance cost, and annual energy cost to determine a 

total annualized cost for the system, illustrated in the equation below:  

Jx� = �t£k + �s' + �� + �£ 

where,  

[2.25] 

[2.26] 

[2.27] 
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TAC = total annual costs, $ 

Cown = annual ownership cost, $ 

Crm = annual cost of repairs and maintenance, $ 

Ce = annual energy cost, $ 

Cw = annual water cost of municipal water used, $. 

This cost was compared to the water use savings accrued from rainwater collected 

and used for irrigation in the form of a BCR. Water saved was treated as a benefit and 

computed from the water requirements of the control treatment schedule, but assumed to be 

supplied from the municipal source alone. The control treatment’s water use provided a 

conservative estimate for savings, as the assumptions represent a well-managed irrigation 

system whereas most homeowners or property managers tend to over-irrigate. A BCR above 

one implied an economically feasible project where savings would outweigh costs sometime 

during the assumed life cycle of the system. A BCR below one implied that a smart 

irrigation-RWH system would not be capable of paying off initial costs from water use 

savings, and the homeowner/proprietor would spend less money with their current system 

and operation as-is.  This calculation is shown in the following equation: 

 

©�� = �£Jx� 

where,  

BCR = benefit cost ratio, dimensionless 

Sw = annual cost of water not used from municipal source, $ 

[2.28] 
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TAC = total annual cost, $. 

Experimental Design for Determining Differences in Treatment Combinations  

 Multiple simulations while that varied the different levels of treatment factors were 

necessary to assess the differences in system performance resulting from possible treatment 

combinations. The experimental design contained four factors; location, weather regime, 

smart technology type, and irrigation frequency. Locations were Jacksonville, Raleigh, and 

Charlotte. Weather regimes were wet, dry, and regular precipitation. Although the model was 

capable of testing for different plant/crop types, only warm turf was tested for these 

simulations. The six technology treatments that determined water demand were standard 

controller with rain sensor, ET controller run year-round, ET controller run April-October, 

SMS controller, theoretical demand, and control. Modeled irrigation frequencies were two 

applications per week (Monday and Thursday); three applications per week (Monday, 

Wednesday, and Friday); and seven applications per week (daily). The smart technology 

treatments contained two levels each, effectively a high and low setting. As described 

previously, the standard controller with rain sensor was modeled using two rain sensor 

settings: 6 mm (0.25 in) and 3 mm (0.125 in), standard options for such equipment. The ET 

controller’s two settings were for rain delays; either 24 or 48 hour (factory default) delays 

after the rain sensor reset.  The Weathermatic SL 1600 allows the user to set a rain delay for 

anywhere between 1 – 7 days, however the 24 and 48 hour options were included in the 

experimental design as they are the most likely settings to be used. The SMS controller was 

modeled using two thresholds at which irrigation events would be bypassed; one at a MAD 
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of 50% and the other a MAD of 33%. A MAD of 50% was selected according to 

recommendations by Allen et al. (1998), while MAD = 33% was simulated to determine if 

more irrigation events would increase cistern utilization thereby increasing stormwater 

capture.   

 Parameters held constant in the simulations were based upon existing site conditions 

for the Onslow County Center in Jacksonville, NC. Currently, four rainwater harvesting 

cisterns with a capacity of 38 m3 (10,000 gal) collect rooftop runoff from the main building. 

The contributing rooftop area was estimated at 1,707 m2 (18,375 ft2), and the capture factor 

was kept constant at 90% of rainfall.  The irrigated area was assumed to be 743 m2 (8,000 

ft2), based on the RWH system design engineer’s assumptions. Finally, the monthly schedule 

was set to allow irrigation events year-round, excluding two of the ET controller treatments 

and the Control treatment.  

 Applied irrigation, the amount of irrigation called for by a given technology, was 

included in the model output as a measure independent of RWH system design capacity. In 

addition to applied irrigation, the three efficiency calculations total, agronomic, and 

stormwater were generated for each one year simulation. Simulation results were analyzed by 

a statistical model to test for treatment effects. Proc Mixed and Proc GLM (SAS 9.3 

statistical software package Cary, NC) were used to construct and evaluate the statistical 

models for applied irrigation, total efficiency, agronomic efficiency, and stormwater 

efficiency. Least squared means were used to determine statistical significance of differences 

within a 95% confidence interval between the technology treatments and their levels.  
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The BCRs were also examined for financial feasibility. BCRs were computed for a 

range of initial investment costs (presented as cost per unit storage). The costs included for 

analysis were the costs of the system installed in Onslow County, $297 m-3 ($1.1 gal-1), as 

well as the following: $270 m-3 ($1 gal-1), $540 m-3 ($2 gal-1), and $135 m-3 ($0.50 gal-1). 

Monetary savings were determined by the price of water that would have been spent to run 

the control schedule, without harvested rainwater to meet irrigation demands. Costs were 

determined as the initial investment required for the rainwater harvester system, smart 

controllers, and any municipal water required to meet the smart controller’s schedules. Smart 

technology types are discussed using the abbreviations summarized in table 2.3.  

Differences in least squares means were evaluated for significant differences among 

the smart technology and frequency treatments. To adjust for multiple comparisons, Tukey’s 

Honestly Significant Difference multiple comparison procedure was used. Generally, this 

procedure requires a larger critical value of the test statistic to consider comparisons 

statistically significant (Dallal, 2012). The theoretical requirement and control groups 

provided a baseline to compare technology performance. Proc GLM provided an R-square 

value for each model and was evaluated to determine the extent that the statistical model was 

able to describe the system variability. Box-plots were created to illustrate the distribution of 

output values.  
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Results and Discussion 

Applied Irrigation Depths  

The four factors: location, weather regime, smart technology and frequency of 

application were tested for significant contribution in explaining variability in annual applied 

irrigation depths simulated by the Smart Harvester Model. A Type III ANOVA showed that 

weather regime, smart technology, and frequency were statistically significant at alpha = 

0.05. Location was not significant (p-value = 0.11). Model R-square was 0.88 and residuals 

were evenly distributed and are plotted in Figure 2.7. Average annual water applied was 

highest in Raleigh (635 mm, 25.0 in) followed by Jacksonville and Charlotte at 612 mm and 

604 mm (24.1 in and 23.8 in) respectively. Weather regime had a decided impact on 

irrigation depths applied, and application depths varied significantly from each other for all 

levels. As expected, dry years called for more water and wet years called for less. Means for 

dry, regular, and wet regimes were 678, 617, and 561 mm (26.7, 24.3, and 22.1 in) 

respectively. All levels of irrigation frequency had significantly different application depths 

that increased with irrigation frequency. Least squares means for each main effect are 

summarized in table 2.4.   

Mean applied irrigation (annual IDgross) tended to differ between smart technologies, 

and all smart treatments except RS1 were significantly different than the control, indicating 

that inclusion of a smart controller decreases the amount of water applied. This finding 

correlates with results from other studies evaluating applications depths of smart controllers 

(McCready et al., 2009 and Cardenhas-Lailhacar and Dukes, 2008). SMS treatments at high 
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and low set points did not statistically differ in depth applied. Adjusted p-values indicated 

that SMS1 and ET2 were significantly different at the alpha = 0.05 levels. ET3 and ET4 were 

the only treatments not significantly different than the THE treatment. RS1 and RS2 applied 

more water than any other smart system, including the control which only irrigated April-

October. Residuals were evenly distributed and are displayed in the Figure 2.7.  

Combined Efficiency  

A Type III ANOVA was used to compare treatments for combined efficiency results. 

Irrigation frequency had a measured effect, and was likely due to the variations in cistern 

levels that occurred. Each of the frequency levels was significantly different. Combined 

efficiencies for Charlotte and Raleigh were not significantly different (p = 0.43), but location 

was significant to the overall statistical model. This result was more likely due to the 

precipitation variability in each location. The least squares mean for Jacksonville was 22.4%, 

which was significantly less than Charlotte and Raleigh (25.8% and 26.4%). Each weather 

regime was significantly different when using multiple comparison techniques (all p values < 

0.0001). The weather regime was expected to have the greatest impact on the combined 

efficiency of the system being one of the more defining inputs to SWH model calculations. 

Wet years had the lowest rating for combined efficiency with a least squares mean of 17.6%, 

while dry years had the highest rating at 33.3%. The lower rating for wet years was most 

likely impacted by larger and more frequent cistern overflows resulting from higher rainfall. 

Boxplots for combined efficiency sorted by treatments were included in figures 2.9 – 2.12. 
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Smart technology had a significant effect on combined efficiency. The technology 

with the highest combined efficiency mean was RS1 at 32.7% and the technology with the 

lowest rating was SMS1 at 18.7%. RS1 was not significantly different from RS2 (p = 0.82), 

and SMS1 was not significantly different from SMS2 (p = 1.0). Therefore, efficiency of these 

treatments was unlikely to be affected by different threshold settings. ET1, ET2, and CTL 

were not significantly different from the THE treatment (p = 0.99, p = 0.63, and p = 0.09 

respectively). The R-square value for the statistical model was 0.87, and the factors tested 

were able to adequately explain variation in the model. Residuals were evenly distributed and 

are shown in Figure 2.8. table 2.5 specifies the least squares means estimates for the different 

effects, as well as indicating which treatments were statistically significant for multiple 

comparisons.  

Interaction between smart technology and frequency was significant (p-value = 

0.002) for combined efficiency ratings. This was more likely due to the contributions of the 

ET and SMS schedules. Each level of the ET and SMS treatments had significant interactions 

with frequency (p-values 0.04 and lower). Combined efficiency ratings significantly 

improved when SMS and ET treatments were set for seven applications per week, and least 

squares means estimates improved by four percentage points or more compared to the two 

applications per week schedule.  

Agronomic Efficiency 

A Type III analysis of variance showed that frequency did not significantly contribute 

to variation in the statistical model (p-value = 0.53). Weather significantly affected 
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agronomic efficiency and wet, dry, and regular regimes were significantly different. Location 

was also significant, all treatments were significantly different. The R-square value for the 

model was 0.72, and the lower R-square compared to the irrigation depth and combined 

efficiency models may be in part attributed to the efficiency being bounded by 100% (see 

Figure 2.13). The treatment with the highest agronomic efficiency least squares mean was 

SMS1 at 96.6%, and the treatment with the lowest was THE at 89.3%. Residuals were evenly 

distributed, but bounded by 100 for the upper ranges, as shown in Figure 2.13.  

SMS technology treatments had the highest agronomic efficiencies and were the only 

treatments to yield statistically different efficiencies from either THE or CTL treatments. 

Changing the threshold for each of the smart technology treatments did not affect agronomic 

performance, especially with SMS and ET treatments. Agronomic efficiencies least squares 

means for SMS1 and SMS2 were not significantly different (p-value = 0.99).  Overall, 

agronomic efficiency values were high when using any type of smart sensor; SMS in 

particular can lead to a system that is totally rain-fed in wet climates and had very low 

municipal withdrawals in others. Boxplots for agronomic efficiency by each main effect are 

shown in figures 2.14 – 2.17. 

Interactions between smart technology and location as well as smart technology and 

weather regime were significant (p-values = 0.02 and 0.0006 respectively). The SMS1 and 

SMS2 treatments had 100% least squares means in agronomic efficiency ratings for wet 

years. The interaction between smart technology and wet years was not significant (p value = 
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0.99) as all values were near 100% regardless of technology. Interaction between smart 

technology and the Jacksonville location were not significant (p-value = 0.57). 

Stormwater Efficiency  

The statistical model constructed to test treatment effects on stormwater efficiency 

using smart harvester model simulations had an R-square value of 0.88 and an overall mean 

of 25.9%; much less than the agronomic efficiency’s mean of 92.3%. Residuals were evenly 

distributed and are illustrated in Figure 2.18. Each treatment factor (location, weather regime, 

smart technology, and frequency) was used to construct a Type III ANOVA and had a 

significant effect on stormwater efficiency. Efficiency ratings for Charlotte and Raleigh 

(location) were not significantly different (p = 0.93), however both differed from the ratings 

for Jacksonville possibly implying a coastal effect with the rainfall distribution in 

Jacksonville. The two and three days per week irrigation frequencies were not statistically 

different, suggesting that in order to have an effect on stormwater efficiency application 

frequency would need to vary by more than one cycle per week.  

The smart technology main effect had a significant effect on stormwater efficiency. 

Treatments with the greatest least squares means values for stormwater efficiency were RS1 

and RS2 (34.1% and 32.6% respectively) which demonstrated that more irrigation applied 

allowed for more storage in the cistern and ultimately resulted in higher stormwater 

efficiency with less overflow. While efficiencies for the RS treatments and CTL were not 

significantly different, the inclusion of a rain sensor on an irrigation system has its benefits. 

Irrigating during a storm event would be wasteful as well as potentially increase costs as 
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more municipal water would likely be used per year. Stormwater efficiency least squares 

mean for ET1 was not significantly different from those for SMS1 or SMS2 with p = 0.77 

and p = 0.97 respectively. Ratings for ET2 and RS2 were not significantly different, which 

was expected due to the same rain delay thresholds of 0.25 in. SMS1 and SMS2 were not 

significantly different with p = 0.99. ET3 and ET4 had lower mean efficiencies than ET1 and 

ET2, however ET4 was significantly lower than ET1 and ET2 by six and four percentage 

points respectively. This suggests that adjusting the smart irrigation schedule to run only 

during summer months has a minimal effect on the overall stormwater performance of this 

system. Least squares means are included in table 2.7. Boxplots for stormwater efficiency 

sorted by treatments were included in figures 2.19 – 2.22. 

The only significant factor for interactions with smart technology treatments was 

frequency (p-value <0.0001). The smart technology treatments stormwater efficiencies most 

impacted by frequency were ET1, SMS1 and SMS2 (p-values 0.01, 0.006, and <0.0001 

respectively). The SMS controllers were more likely to apply less water for the two 

application per week frequencies, and stormwater efficiency was significantly improved for 

seven applications per week. Other treatments such as CTL and THE were not impacted at all 

by frequency (p value 0.99 and greater) which was expected according to the model 

programming.  

Crop Stress 

 As a measure of irrigation adequacy, days that the stress coefficient Ks fell below one 

were identified and summed for the SMS and THE treatments. Table 2.8 shows least squares 
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means estimates by main effect for the number of days the soil moisture profile was dry 

enough to induce stress in the warm turf.  

Results indicated that all treatments were significant to the statistical model in 

predicting the number of stressed days. Overall the THE treatment had the fewest days in 

which the turf was stressed, but still maintained an average of 58 days of stress per 

simulation. While it would be expected that no stress days would occur for irrigation based 

on a theoretical water balance, irrigation was triggered the subsequent day of a day-end water 

balance, therefore days prior to irrigation are counted as stress days.  Also as expected, 

irrigating fewer days per week increased the likelihood of stress conditions. Dry years 

experienced more cases of stress, but may have been more strongly affected by the irrigation 

schedule rather than the lack of rainfall. Raleigh had noticeably more days where turf was 

stressed; however, instead of being and indicator of the type of climate, this is more likely 

due to scenarios in which Ks values were only slightly below one. Research also suggests that 

moderate stress conditions can be good for turf grass by increasing root depth, increasing 

shoot density, and decreasing shoot growth which leads to less mowing and maintenance for 

the property manager (Jordan et al., 2003).  

Cost Analysis  

The Proc Mixed model yielded the following results for model significance and are 

shown in table 2.9. The table shows that frequency was not a significant contributor to 

explaining variation in the statistical model, as p-values were over 0.05. Table 2.10 displays 

the least squares estimates for BCRs.  
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Least squares means estimates of BCR showed Raleigh as the most cost effective 

location, with a maximum BCR of 1.50 for the $135 m-3 ($0.50 gal-1) scenario, but were also 

consistently higher for the additional initial investment cost scenarios. Municipal water has a 

higher cost in Raleigh, suggesting that this type of system was most likely to be cost effective 

when replacing expensive municipal water with ‘free’ harvested water. BCRs for Raleigh 

were significantly different from the lowest BCR location of Jacksonville (p < 0.0001 for all 

initial cost scenarios). Irrigation water in Jacksonville was also noticeably cheaper than water 

in Raleigh ($0.49 m-3 difference at Jacksonville’s highest rate tier). Wet years also seemed to 

be more cost effective, and were significantly different than the other treatments (p < 0.0001 

for all initial cost scenarios). Frequency was not a significant contributor to the statistical 

model (p – values > 0.05 for all scenarios) according to the Type III ANOVA.  

The current cost scenario for Onslow was not cost effective (defined as a BCR > 1.0) 

under any circumstance modeled by SHM, and only reached a maximum least squares mean 

of 0.82. This result indicated that the assumed economic life cycle of the RWH system was 

too short to pay back the initial investment costs. However, decreasing the initial investment 

costs to $135 m-3 resulted in cost effective scenarios for all simulations. BCR estimates were 

highest for the soil moisture sensor and rain sensor treatments (not significantly different in 

the majority of cases) when averaged across all locations and weather regimes. The sensor 

settings did not produce significantly different BCRs (p value > 0.05 for all initial cost 

scenarios).  
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Interactions were tested for the Onslow county cost simulations, and smart 

technology significantly interacted with weather regime and location (p-values <0.0001). 

BCRs were significantly different for each location (all p-values <0.0001), with Raleigh 

having the highest BCR followed by Jacksonville and Charlotte. The CTL treatment was 

most cost effective, with least squares means estimates above 1.0 regardless of location or 

weather regime.   

Conclusions and Recommendations 

Using the given  initial unit cost scenarios and assumed 20 year lifetime, the RWH 

system did not recover installment costs by replacing municipal water with water supplied by 

the rainwater harvesting system. However, if the cost of municipal water increases as it has 

been projected to do so in North Carolina (Burrows, 2011), the savings from using rainwater 

may then offset the cost of the RWH system. Other incentives not addressed herein were 

stormwater credits that some municipalities offer. Stormwater fee credits were not included 

in this analysis as the criteria for credit were site-specific and some locations had very 

involved permitting processes (NC DWQ, 2008). Thus, the inclusion of stormwater credits, 

or a reduction/elimination of stormwater fees would positively affect the financial feasibility 

of these types of systems and increase BCRs. The most obvious way to increase cost 

effectiveness would be to address the cost of the cistern itself. If cistern manufacturers were 

able to lower their prices by either increasing production efficiency or their customer base, 

the BCR would decidedly increase. An additional measure would be to offer government 
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rebates for installing such systems, as is done in other countries such as Australia where the 

practice is more prevalent (Khastagir and Jayasuriya, 2011).  

More sophisticated usage of the rainwater harvester may be necessary; a suggestion 

would be to divide the tank into partitions with different management schemes. The lower 

part of the tank would supply irrigation water during extended dry spells with more precisely 

timed and smaller application depths. Agronomic efficiency (equation 2.20) would be the 

driver for this portion of the cistern. The middle cistern volumes would be managed as usual, 

according to plant needs. The upper portion of the tank would provide stormwater mitigation 

and be emptied more often than the other tank portions to evacuate the tank for coming storm 

events, thus increasing stormwater efficiency. Another strategy for increasing stormwater 

efficiency would be to include a passive release device that would slowly draw down water 

levels in the cistern over a 2 – 5 day period to allow the next storm to be captured. The slow 

release would provide peak flow mitigation to a similar extent that water storage would.  

The combined RWH-Smart Irrigation system required some improvements in 

stormwater management to be recommended as a standalone stormwater best management 

practice. Increasing the amount of irrigation water applied would decidedly decrease the 

volume of overflow. Additionally, the demand for irrigation water was only substantial for 

the growing season, meaning that storms during the winter months were far more likely to 

produce overflow. If the cistern can be a supply for other water uses in addition to irrigation 

it may help decrease overflows, however, the user may encounter more situations where 

there is not adequate supply for irrigation. If irrigation is the only possible intended use, a 
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standard controller with a rain sensor set to a high setting would allow more frequent 

irrigation. The rain sensor would prevent unnecessary irrigation events, therefore still 

maintaining the water conservation objective. Rain sensors are also the least expensive of the 

group of “smart irrigation” technologies compared, making them a practical solution for 

residential purposes as well. The NC Stormwater Technical Guidance (NC DWQ, 2008) 

mentions the inclusion of “automatic mechanisms for rainfall detection and soil moisture 

monitoring” to receive stormwater credit. It should be noted that the SHM outputs showed 

decreased stormwater efficiency when using a soil moisture controller, which should not be 

confused with “soil moisture monitoring” if that is the intention of the guidance. The rain 

sensors at an appropriate setting should continue to provide stormwater mitigation, without 

contributing to excess runoff by irrigating during a rain event. Sample and Heaney (2006) 

modeled a similar system in Boulder, CO by including an irrigation management scheme that 

irrigated 25.4 mm wk-1 (1 in wk-1) and using a soil moisture sensor to halt watering once field 

capacity was reached. The model results showed the runoff for the proposed site was 

reduced, and concluded this management scheme would be an appropriate stormwater BMP. 

The soil moisture controllers would be useful to curb excessive irrigation, however a 

different type of soil moisture controller than the one modeled by SHM (such as a two set-

point system) may be more appropriate for meeting the technical guidance requirements to 

obtain stormwater credits. The two set-point system would be capable of initiating irrigation 

events which may lead to fewer overflows.  
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The THE treatment showed the lowest ratings for agronomic efficiency, although not 

significantly different than RS, CTL, or ET treatments. This is not merely reflective of a 

higher irrigation demand, as THE applied less water than the RS, CTL or ET treatments. 

Since agronomic efficiency was measured by the use of municipal water and compared to 

irrigation demand, it was more likely the timing of THE applications coincided with periods 

when the cistern was empty, as in most scenarios THE had the highest uses of municipal 

water supply. The theoretical schedule was not subjected to an irrigation schedule which may 

have limited the amount of water applied by the other smart systems during the same dry 

periods. Also, by irrigating at a lower threshold (stress) this required larger volumes to bring 

the soil moisture profile back to field capacity. These applications were also allowed to occur 

daily, where the comparative SMS1 treatment was affected by the user-defined schedule. The 

THE treatment also used the most cistern water, therefore not as severely decreasing 

agronomic efficiency as much as it would have if the water came from mostly municipal 

sources.  

All smart technologies’ agronomic efficiencies remained fairly high through all 

simulations. The soil moisture sensors in particular showed potential to provide a system 

completely supplied by collected rainwater. The recommendation based on days the turf 

grass showed stress were set an irrigation schedule of seven days per week and allow the 

sensor to irrigate whenever necessary. Irrigating for the recommended MAD setting for the 

user’s crop type is also feasible, as increasing the setting to irrigate more frequently at a 

lesser MAD did not significantly affect results. If a user was equally concerned with 
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stormwater management and water conservation, the ET controller and RWH system would 

be an appropriate solution. The ET controller had fewer maintenance issues than soil 

moisture controllers when tested in field settings (Vick, 2012) and the additional cost is 

almost negligible compared with the upfront cost of the rainwater harvester.  

The number of days the soil moisture and theoretical treatments induced plant stress 

were somewhat variable depending on application frequency and climate. The SHM 

predicted some scenarios where the soil moisture controller had fewer stressed days than the 

theoretical treatment. This occurred in every location and weather regime in which the SMS 

system was set to a high threshold and irrigated daily. A reason for this was the stress-days 

calculation did not indicate the severity of stress, only a count.  With the theoretical balance, 

stress coefficients may be below one (indicating stress), but because the theoretical treatment 

allowed daily watering the stress coefficients were never as low as the SMS treatments. The 

daily time step the model utilized meant that if the previous day’s water balance was above 

the irrigation threshold (at stress for THE), the system would not irrigate. If ET happened to 

be high, the next day’s water balance would indicate stress. Using an hourly time-step may 

show that the theoretical schedule called for irrigation before ET depleted the water content 

in the soil.  

In some situations the RS treatments applied more water annually than the CTL. The 

irrigation schedule most likely caused this as the RS allowed watering during fall and winter 

months while the CTL irrigated only April-October. Stormwater credit criteria dictate year 

round use for the cistern (NC DWQ, 2008). Water use results may look more favorable for 
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the CTL; however, stormwater credits would not be awarded for a system that does not call 

for water throughout the year. A suggestion would be to disconnect the municipal water 

supply and allow watering from the cistern only during fall and winter months. There would 

still be a small amount of irrigation demand from the cistern if using the rain sensor schedule. 

This would continue to mitigate stormwater without the negative effects of increased 

municipal uses the CTL would originally call for. Treatments ET3 and ET4, which irrigated 

only during April-October, were not significantly different than most of the other ET 

treatments in the efficiency scenarios. The decreased amount of water the smart controller 

was programmed to apply during winter conditions likely explains this result. If freezing is a 

concern, it would not significantly harm stormwater objectives to disconnect the system 

during winter months.  

Combining a rainwater harvester with smart irrigation technology has the potential to 

both increase water application efficiency as well as mitigate stormwater peak flows. The 

results were very site-specific and modeling a particular scenario before construction or 

implementation is highly recommended. A paradigm shift in stormwater management is 

occurring, where developers are beginning to look towards decentralized, on-site uses for 

water. With proper planning and site assessment, a system may be designed and implemented 

to fully rely on collected stormwater for irrigation purposes, as well as capture the required 

storm events for stormwater mitigation. 
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Tables and Figures 

Table 2.1 Abbreviations for smart technology types used in results and discussion. 

Abbreviation Smart Technology Type (ST) Level* 

RS1 Rain Sensor 0.25 in threshold  
RS2 Rain Sensor  0.125 in threshold  
ET1 Evapotranspiration Controller 24-hr rain delay  
ET2 Evapotranspiration Controller 48-hr rain delay  
ET3 ET Controller April-October 24-hr rain delay 
ET4 ET Controller April-October 48-hr rain delay 
SMS1 Soil Moisture Sensor Controller  MAD = 50%  
SMS2 Soil Moisture Sensor Controller  MAD = 33% 
THE Theoretical Demand n/a 
CTL Control, ET based watering 

schedule 
n/a 

*The RS1, ET1, and SMS2 treatments were set to and would be expected to apply more water 

than the RS2, ET2, and SMS2 treatments.  

 
 
 
Table 2.2 Costs of smart irrigation sensors and systems. 

Smart Irrigation 
Unit 

Price, $ Source 

Rain Sensor 60.00 Hunter WRF-CLIK www.sprinklerwarehouse.com 
ET Controller 410.00 Weathermatic SL1600 & SLW15  

Johnson & Company Irrigation, Advance, NC 
SMS Controller 219.00 Acclima SC6 www.efficientirrigation.com 

 
 
 
Table 2.3 Water prices for Jacksonville, Raleigh, and Charlotte commercial users with 1-inch 
meters, within city limits (2012). 

Location Base Rate, 1-in Prices    

Jacksonville $39.13  8-23 m3, $/m3 24-38 m3, 
$/m3 

39-113 m3,     
$/ m3 

>113 m3,       
$/ m3 

  0.756 0.943 1.131 1.321 

  $/m3    

Raleigh $7.19  1.816    

  1-45 m3, $/m3 >45 m3 $/m3   

Charlotte* $8.03  1.215 1.215   

*flat rate for approved smart irrigation systems    
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Table 2.4 Least squares means estimates and significant differences for applied irrigation 
depths determined by the Smart Harvester Model. 

Effect Location Weather 
Regime 

Smart 
Technology 

Frequency Estimate 
(mm) 

Smart 
Technology 

  RS1a  841 

Smart 
Technology 

  RS2ab  798 

Smart 
Technology 

  CTLb  764 

Smart 
Technology 

  ET1c  643 

Smart 
Technology 

  ET2cd  607 

Smart 
Technology 

  ET3de  588 

Smart 
Technology 

  THEef  549 

Smart 
Technology 

  ET4f  513 

Smart 
Technology 

  SMS2e  445 

Smart 
Technology 

  SMS1e  427 

Frequency    7a 678 
Frequency    3b 627 
Frequency    2c 597 
Weather 
Regime 

 Drya   691 

Weather 
Regime 

 Normalb   630 

Weather 
Regime 

 Wetc   582 

Location Raleigha    643 
Location Jacksonvillea    636 
Location Charlottea    622 

a,b,c,d,e,f indicate treatments that were not statistically different.  
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Table 2.5 Least squares means and estimates for combined efficiency ratings across all 
treatments. 

Effect Location Weather 
Regime 

Smart 
Technology 

Frequency Estimate 
(%) 

Smart 
Technology 

  RS1a  32.67 

Smart 
Technology 

  RS2ab  31.26 

Smart 
Technology 

  CTLbc  28.53 

Smart 
Technology 

  THEcd  25.84 

Smart 
Technology 

  ET1de  25.19 

Smart 
Technology 

  ET2de  24.07 

Smart 
Technology 

  ET3ef  22.83 

Smart 
Technology 

  ET4fg  20.21 

Smart 
Technology 

  SMS2g  19.02 

Smart 
Technology 

  SMS1g  18.67 

Frequency    7a 26.48 
Frequency    3b 24.63 
Frequency    2b 23.34 
Weather 
Regime 

 Drya   33.32 

Weather 
Regime 

 Normalb   23.58 

Weather 
Regime 

 Wetc   17.59 

Location Raleigha    26.37 
Location Charlottea    25.76 
Location Jacksonvilleb    22.34 

a,b,c,d,e,f,g matching superscripts within effects indicate treatments that were not statistically 
different.  
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Table 2.6 Least squares means and estimates for agronomic efficiency ratings across all 
treatments. 

Effect Location Weather 
Regime 

Smart 
Technology 

Frequency Estimat
e (%) 

Smart 
Technology 

  SMS1a  96.62 

Smart 
Technology 

  SMS2ab  96.14 

Smart 
Technology 

  RS2bc  92.64 

Smart 
Technology 

  RS1c  92.23 

Smart 
Technology 

  ET2c  92.10 

Smart 
Technology 

  ET1c  91.61 

Smart 
Technology 

  ET3c  91.06 

Smart 
Technology 

  ET4c  91.31 

Smart 
Technology 

  CTLc  89.79 

Smart 
Technology 

  THEc  89.32 

Frequency    2a 92.52 
Frequency    3a 92.46 
Frequency    7a 91.86 
Weather Regime  Weta   99.54 
Weather Regime  Normalb   89.79 
Weather Regime  Dryc   87.51 
Location Jacksonvillea    97.17 
Location Raleighb    91.82 
Location Charlottec    87.86 

a,b,c matching superscripts within effects indicate treatments that were not statistically 
different at the alpha = 0.05 level (p-value greater than 0.05). 
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Table 2.7 Least squares means for stormwater efficiency ratings across all treatments. 

Effect Location Weather 
Regime 

Smart 
Technology 

Frequency Estimate 
(%) 

Smart 
Technology 

  RS1a  34.13 

Smart 
Technology 

  RS2ab  32.55 

Smart 
Technology 

  CTLbc  29.98 

Smart 
Technology 

  THEcd  27.29 

Smart 
Technology 

  ET1de  26.16 

Smart 
Technology 

  ET2de  24.94 

Smart 
Technology 

  ET3e  23.72 

Smart 
Technology 

  ET4f  20.92 

Smart 
Technology 

  SMS2f  19.40 

Smart 
Technology 

  SMS1f  18.94 

Frequency    7a 27.55 
Frequency    3b 25.58 
Frequency    2b 24.27 

Weather Regime  Drya   35.44 
Weather Regime  Normalb   24.35 
Weather Regime  Wetc   17.62 
Location Charlottea    27.50 
Location Raleigha    27.31 

Location Jacksonvilleb    22.60 
a,b,c matching superscripts within effects indicate treatments that were not statistically 
different.  
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Table 2.8 Least squares means and estimates for days of crop stress across all treatments. 

Effect Location Weather 
Regime 

Smart 
Technology 

Frequency Estimated 
Days 

ST   SMS1a  86 
ST   SMS2a  78 
ST   THEb  58 
Frequency    2a 94 
Frequency    3b 78 

Frequency    7c 51 
Weather 
Regime 

 Drya   89 

Weather 
Regime 

 Normala   71 

Weather 
Regime 

 Wetb   63 

Location Raleigha    107 
Location Jacksonvilleb    66 
Location Charlottec    50 

a matching superscripts within effects indicate treatments that were not statistically different 
at the alpha = 0.05 level. 
 
 
 
 
 
 
Table 2.9 P-values for main effect significance on BCRs for given unit storage costs. 

P-values $297 m-3 $135 m-3 $270 m-3 $540 m-3 

Location <0.0001 <0.0001 <0.0001 <0.0001 

Weather 
Regime 

<0.0001 <0.0001 <0.0001 <0.0001 

Technology <0.0001 <0.0001 <0.0001 <0.0001 

Frequency 0.45 0.51 0.50 0.55 
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Table 2.10 Statistical model estimates for benefit cost ratio (BCR) for the four tested factors: 
location, weather regime, smart technology, and frequency and four initial costs ($ m-3) 
estimates. 

     Initial Cost ($ m-3) 
Effect Location Weather 

Regime 
ST* Frequency 

(Irr. wk-1) 
297 

(Onslow) 
135  270  540  

ST   CTL  0.71 1.22 0.76 0.44 

ST   ET1  0.71 1.23 0.76 0.44 
ST   ET2  0.71 1.22 0.76 0.44 

ST   ET3  0.71 1.22 0.76 0.44 
ST   ET4  0.71 1.22 0.76 0.44 
ST   RS1  0.73 1.27 0.78 0.44 
ST   RS2  0.73 1.28 0.79 0.45 
ST   SMS1  0.74 1.31 0.80 0.45 

ST   SMS2  0.73 1.30 0.79 0.45 
ST   THE  0.72 1.23 0.77 0.44 

Frequency    2a 0.72 1.26 0.78 0.44 

Frequency    3a 0.72 1.26 0.78 0.44 
Frequency    7a 0.72 1.25 0.78 0.44 
Weather 
Regime 

 Dry   0.70 1.20 0.75 0.44 

Weather 
Regime 

 Normal   0.72 1.24 0.77 0.44 

Weather 
Regime 

 Wet   0.75 1.34 0.81 0.45 

Location Charlotte    0.68 1.24 0.74 0.41 
Location Jacksonville    0.66 1.04 0.70 0.43 

Location Raleigh    0.82 1.50 0.89 0.49 

*ST = abbreviation for Smart Technology 
a matching superscripts within effects indicate treatments that were not statistically different 
at the alpha = 0.05 level.  
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Figure 2.1 Monthly precipitation for Jacksonville. ‘Station’ shows the 30-year normal monthly precipitation depths for the 
station. ‘Station’ total annual rainfall was 1378 mm (54.3 in), ‘Regular’ total annual rainfall was 1364 mm (53.7 in), ‘Dry’ 
total annual rainfall was 667 mm (26.3 in) and ‘Wet’ total annual rainfall was 1905 mm (75.0 in). Data were taken from 
New River MCAF weather station in Jacksonville, NC. 

 
 
 

 

Figure 2.2 Monthly precipitations for Raleigh wet, dry, and normal years. ‘Station’ indicates the 30-year normal monthly 
precipitation for the weather station used. Total annual rainfall for the ‘Station’ year was 1100 mm (43.3 in), total annual 
rainfall for ‘normal’ year was 1021 mm (40.2 in), total annual rainfall for ‘dry’ year was 906 mm (35.7 in), and total annual 
rainfall for the ‘wet’ year was 1360 mm (53.6 in). Data were taken from Raleigh Durham International Airport weather 
station in Raleigh, NC.   

0

50

100

150

200

250

300

350

400

450

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

P
re

ci
p

it
a

ti
o

n
 (

m
m

)

Month

Station

Regular

Dry

Wet

0

50

100

150

200

250

300

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec

P
re

ci
p

it
a

ti
o

n
 (

m
m

)

Month

Station

Regular

Dry

Wet



 

 
 

 
82 

 

Figure 2.3 Monthly precipitation for Charlotte. ‘Station’ indicates the 30-year normal precipitation depths for the station. 
Total annual rainfall for ‘Station’ was 1057 mm (41.6 in), total annual rainfall for ‘Normal’ was 1065 mm (41.9 in), total 
annual rainfall for ‘dry’ was 667 mm (26.3) in, and total annual rainfall for ‘wet’ was 1592 mm (62.7 in). Data were taken 
from Charlotte Douglas International Airport weather station in Charlotte, NC. 

 
 
 
 
 

 

Figure 2.4 The Input screen for the Smart Harvester Model was developed to evaluate a combined RWH-Smart Controller 
system under various rainfall regimes. The locations evaluated were Jacksonville, NC; Raleigh, NC; and Charlotte, NC 
under wet, dry and regular weather regimes. 
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Figure 2.5 Flow chart describing decision-making process for Smart Harvester Model tank usage, municipal withdrawal, and overflow calculations. 
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Figure 2.6 User's view of the Output screen for Smart Harvester Model. Chart shows tank volumes (in gallons) on a daily basis for each of the smart irrigation 
technologies.



 

 
 

 
85 

 

Figure 2.7 Residuals from the statistical model generated for applied irrigation depths. 

 
 
 

 

Figure 2.8 Residuals from the statistical model generated for combined efficiency. 
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Figure 2.9 Boxplots of combined (total) efficiency by location. 

 
 
 

 
Figure 2.10 Boxplot of combined (total) efficiency by weather regime. 
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Figure 2.11 Boxplot of combined (total) efficiency by smart technology treatment type. 

 
 
 

 
Figure 2.12 Boxplot of combined (total) efficiency by frequency of application. 

 



 

 
 

 
88 

 

 
Figure 2.13 Residuals from the statistical model generated for agronomic efficiency. 

 
 
 
 

 
Figure 2.14 Boxplots of agromonic efficiency by location. 
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Figure 2.15 Boxplot of agronomic efficiency by weather regime. 

 
 
 
 

 
Figure 2.16 Boxplot of agronomic efficiency by smart technology type. 
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Figure 2.17 Boxplot of agronomic efficiency by frequency of applications. 

 
 
 
 

 

Figure 2.18 Residuals from the statistical model generated for stormwater efficiency. 
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Figure 2.19 Boxplot of stormwater efficiency by location. 

 
 
 
 

 
Figure 2.20 Boxplot of stormwater efficiency by weather regime. 
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Figure 2.21 Boxplot of stormwater efficiency by smart technology type. 

 
 
 

 
Figure 2.22 Boxplot of stormwater efficiency by frequency of applications. 
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 COMPARISON OF SMART HARVESTER MODEL PERFORMANCE CHAPTER 3.

TO FIELD RESULTS IN ONSLOW COUNTY, NC 

Introduction 

Landscape irrigation continues to comprise a large proportion of residential water use 

in the United States. The typical American home dedicates approximately 33% of their 

residential water use for outdoor irrigation (EPA, 2008) while the same report estimates that 

over 50% irrigation water is wasted due to overwatering with automatic irrigation systems. 

The irrigation industry addressed this problem by developing “Smart Irrigation” controllers 

that add-on to automatic systems and use site-specific information to apply water more 

efficiently (Irrigation Association, 2008). These systems have seen decided success in 

reducing water applications 20-40% while maintaining healthy and aesthetically pleasing 

landscapes. In addition to environmental benefits, a reduction in costs directly related to 

reducing irrigation water is also enticing to homeowners. To achieve additional reductions in 

municipal water use, collected rainwater from Rainwater Harvesting (RWH) devices was 

identified as an additional source of “free” water. RWH systems are also beneficial as 

stormwater control devices. Capturing and storing/using rainwater from impervious areas 

helps mitigate peak flows and nutrient runoff to receiving streams (NC DWSC, 2011; Jones 

and Hunt, 2010). Combining Smart Irrigation with RWH could potentially lead to a more 

efficiently run irrigation system.  

A spreadsheet-based “Smart Harvester Model” (SHM) was developed to simulate the 

performance of a smart irrigation system whose main water supply is water collected by a 

RWH system (see “Chapter 2: Development of Smart Harvester Model and Evaluation of 
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Simulation Results”). The model was intended to examine a combined system under different 

weather regimes, locations, and smart controller types to determine the feasibility of a 

combined system and the most ideal scenarios for water use and stormwater control goals. A 

field study was performed to evaluate the model’s ability to predict irrigation depths. Two 

types of smart technologies were installed: an ET controller and two rain sensors set at 

different rain threshold levels. For the ET controller, irrigation depths were calculated based 

on recorded run times and assumed application rate and compared to the depths simulated by 

the SHM. Rain sensor states (on/off) were used with an assumed standard controller and 

irrigation schedule to determine irrigation depths for that technology. A fixed schedule 

simulated a standard controller and run times varied monthly based on the long term gross 

irrigation requirements, not including effective precipitation. Irrigation depths were 

compared to the depths simulated by the SHM. Therefore, the objective of this study was to 

determine differences between observed irrigation depths and the model predicted irrigation 

depths. Analyzing the differences between field-calculated and modeled irrigation depths 

provided a clearer evaluation of the SHM performance. Mean weekly predicted and observed 

paired depths were tested for significant differences using a Student’s t-test. Results were 

further analyzed to provide explanation for situations where paired model results differed 

from field values.  
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Materials and Methods 

Site Description 

 The field study was conducted at the Onslow County Center (4024 Richlands Hwy, 

Jacksonville, NC 28540). Soil at the site is Autryville loamy fine sand (USDA Web Soil 

Survey, 2012) with field capacity and permanent wilting points estimated at 18% and 9% 

VWC respectively. The property is approximately 2.6 ha (6.4 ac) with total roof area 

approximately 3,850 m2 (41,400 ft2). The site has a humid climate and is approximately 32 

km (20 mi) from the Atlantic coast with a 30 year normal annual rainfall totaling 1,379 mm 

(54.3 in).  

Two buildings and a large parking lot contribute to the expanse of rooftop impervious 

area. The community center building has approximately 1,707 m2 (18,375 ft2). Four 

rainwater harvesters were installed in 2011 to collect rainfall runoff and have a total capacity 

of 38 m3 (10,000 gal) or 9.5 m3 (2,500 gal) each.  

Equipment Setup 

 Weather data were collected from February 2012 through January 2013. A Watchdog 

Model 2900 weather station (Spectrum Technologies, Plainfield, IL) was installed on-site to 

record rainfall (via tipping bucket), temperature, solar radiation, relative humidity, wind 

direction, wind gusts, and wind speed at 15-minute intervals. An atmometer was also 

installed (ET Gage Company, Loveland, CO) with a number 30 canvas cover to simulate 

ET0. Rain switch state changes and ET controller zone run times were logged using a SDM-
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SW8A switch closure input module configured to record state changes to a CR10X data 

logger (Campbell Scientific, Logan, UT).  

One smart controller and two rain switches were installed at the site to simulate 

irrigation events. A Weathermatic Smartline 1600 (Weathermatic, Garland, TX) was 

installed to represent an ET controller and programmed for site conditions (see tables 3.1 and 

3.2). A SLW15 wireless weather monitor (Weathermatic, Garland, TX) was installed to 

provide real-time weather information to the controller. The SLW15 measured air 

temperature to calculate daily reference ET using the modified Hargreaves method 

(Hargreaves and Samani, 1982). The controller also has rain switch and freeze pause 

functions. The rain switch was set to activate after 6 mm (0.25 in) of rainfall and the freeze 

function is set by the manufacturer to pause watering at 1.5°C (37°F). The Weathermatic SL 

1600 allows the user to set a rain delay for anywhere between 1 – 7 days. The 24 hour option 

was used in this application, meaning the controller would pause watering for 24 hours after 

the rain sensor reset (dried-out) after rainfall. The ET controller has the ability to adjust run 

time based on default of user supplied precipitation rates of the irrigation system. In this 

study, watering days were consistent for both the ET controller and the rain sensor schedules. 

The more/less key settings on the ET controller were set to increase run times to account for 

irrigation system application efficiency. Zip code and latitude inputs assisted the controller in 

determining ET0. Soil type and slope were provided for the controller to adjust run times and 

allow for cycle/soak periods to decrease or eliminate runoff. A less porous soil (clay) or steep 
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slopes would require the controller to have shorter periods of irrigation spaced with longer 

“off” periods to allow water to soak into the soil profile.  

Two Irritrol RS500 rain switches (Irritrol, Bloomington, MN) were installed to trigger 

rain delays at either 6 mm (0.25 in) or 3 mm (0.125 in) rainfall events and were assumed to 

be connected to a standard irrigation controller with a fixed schedule. As no irrigation system 

was installed before this study was initiated, irrigation depths were calculated based on run 

times and rain delays, and are described in subsequent sections. 

Smart Harvester Model 

 The SHM was created to simulate a smart irrigation system receiving its water supply 

from a rainwater harvester supplemented with municipal water. The model results included 

applied irrigation depths and were compared to the depths derived from observed run times at 

the Onslow site for the rain sensor and ET controller. The following sections describe model 

calculations for irrigation depths based on the specified user inputs.  

Weather and Soil Characteristic Data 

Developing the SHM required gathering weather information to be used in the 

simulations. More specific information on determining the rainfall regime can be found in 

“Chapter 2: Development of the Smart Harvester Model and Evaluation of Simulation 

Results”. However, to provide an appropriate comparison, the observed daily rainfall totals 

collected from the Onslow county site were imported into the model and were used in 

calculations.  
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 Each simulation run by the SHM required a corresponding daily ET0 record. The 

industry standard for calculating ET0 is the Penman-Monteith equation (Allen et al., 1998) 

which incorporates a wide range of weather parameters as well as stomatal resistance. 

Reference ET is the evapotranspiration from a reference stand of cool season clipped grass, 

fully shading the ground and sufficiently watered (Allen et al., 1998). Reference ET can also 

be calculated using a modified Hargreaves equation that requires only temperature and 

latitude (Hargreaves and Samani, 1985). Computer programs that estimate ET0 are also 

available; one example is Ref-ET which allows the user to estimate ET0 by several methods 

based on a variety of inputs about the specific location and reference crop type. Ref-ET 

software package version 3.01.02 (Allen, 2004), was used to calculate ET0 by the modified 

Hargreaves method on a daily basis as follows: 

IJ( = 0.0135�i	J'�jk + 17.8 (a) 

�i = lmn	J'jo − J'pk(.0�j  (b) 

where, 

ET0 = grass reference ET, mm d-1 

 Tmean = average of the observed maximum and minimum daily temperatures, ºC 

 Rs = average daily solar radiation, W m-2 d-1
  

kRs = adjustment coefficient based on geographic location, (0.16 used here) 

Tmax is the maximum daily temperature, ºC 

Tmin is the minimum daily temperature, ºC 

[3.1a] 

[3.1b] 
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Ra = average daily extraterrestrial solar radiation for the location, W m-2 d-1. 

Crop evapotranspiration, ETc, is dependent upon weather conditions and crop 

characteristics. The ETc was computed according to Allen et al. (1998): 

IJK =	qK × IJ(   

where,  

ETc = crop ET, mm d-1 

Kc = crop coefficient, (dimensionless).  

In this study, warm season turf was the only landscape material simulated and a crop 

coefficient of 0.6 was used (Romero and Dukes, 2009). Daily maximum and minimum on-

site temperatures were used to compute Rs and ET0. Daily low temperature records were also 

used in the model to identify freeze periods for the ET controller, further discussed in the 

“Calculating Irrigation Depths and Scheduling” section.   

User Inputs 

 The SHM allowed the user to define rain sensor settings of 6 mm or 3 mm (0.25 in or 

0.125 in, respectively) for the standard controller with rain sensor setting. The field-installed 

Weathermatic ET Controller was set to a rain delay of 24 hours, therefore the SHM 

simulations used a 24-hour rain delay. Each technology was also governed by the irrigation 

schedule set by the user. Checkboxes were provided to indicate which days of the week 

watering was allowed. For the simulation, watering was assumed to take place year round 

and three days per week. Refer to Figure 3.1 for a visual of the model input screen.  

[3.2] 
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The SHM was also capable of calculating cistern volumes and usage efficiencies for 

the user to determine the effectiveness of installing a combined smart irrigation RWH 

system. However, the lack of continuous weekly data at the Onslow site due to equipment 

failures would have affected cistern withdrawal calculations. Due to the limitation of the 

study site not containing an automatic irrigation system to make the necessary withdrawals, 

cistern volume calculations were not considered and only irrigation depths were modeled and 

compared to the on-site data. 

Irrigation Scheduling and Run-Times 

Standard Controller with Rain Sensor 

 The irrigation schedule was designed to be as flexible as possible in the SHM. The 

weekly and monthly checkboxes reflected the user preferred schedule or a schedule dictated 

by local ordinance. The user indicated days to apply water and the model developed an 

annual schedule of “on and off” watering days.  The Onslow simulation was set to a schedule 

of watering Monday, Wednesday, and Friday, year-round.  

The standard controller run times were determined based on irrigation depths required 

during the month of peak use and adjusting that depth according to a user-defined monthly 

percent adjust schedule. The maximum irrigation depth was developed using Ref-ET 

software to find the long term maximum monthly ET0 depth. This depth was then divided by 

the number of irrigation events for the month. The irrigation system’s application efficiency 

was incorporated to determine depths. The gross application depth was calculated using an 
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assumed efficiency of 80%, a common value for a sprinkler irrigation system (Fangmeier and 

Biggs, 1986). The following equation demonstrates this: 

 

H�'rstii =	IJ('jo × lu × 100Ij × 7y × ª 

where,  

IDmaxgross = maximum gross irrigation depth, mm event-1 

ET0max = maximum monthly reference evapotranspiration, mm mo-1 

kC = crop coefficient, 0.6 for warm turf 

Ea = irrigation system application efficiency, % 

d = number of days occurring in the month, 

n = number of irrigation events per week. 

This value was then used as the maximum gross irrigation depth. The percent adjust schedule 

was determined by calculating the proportion of monthly ET to maximum monthly ET: 

%	xyz. = 	IJ'tk��	IJ'jo × 100 

where,  

% Adj. = percent adjustment, % 

ETmonth = ETc of adjusted month, mm  

 ETmax = maximum monthly ETc, mm. 

[3.4] 

[3.3] 



 

 
 

 
102 

The adjusted gross irrigation depth applied by the standard controller with a rain sensor was 

then defined by the following equation: 

H�j�� = H�rstii 	× %	xyz 
where,  

 IDadj = Adjusted gross irrigation depth, mm event-1 

IDgross = maximum gross irrigation depth, mm event-1 

% Adj. = percent adjustment, %. 

These calculations ultimately lead to higher application depths in spring and summer months, 

and lower applications in winter and fall.  

After application depth was calculated, the irrigation schedule, rainfall threshold, and 

daily rainfall depth were used to decide if an irrigation event would occur within the model 

simulation. The rain sensor threshold was set at either 6 mm (0.25 in) or 3 mm (0.125 in) 

depending on the setting simulated. Two conditions needed to be satisfied for irrigation to 

take place. First, the irrigation schedule needed to allow irrigation that day. Additionally, the 

previous day’s rainfall needed to be less than the rain sensor’s set point, which also satisfied 

the 24 hour dry-out period. 

ET Controller 

 The ET controller irrigation depth calculations used daily ET0 data sets generated in 

Ref-ET for Onslow. Net applied irrigation depth was calculated by accumulating ETc since 

the previous irrigation event, as shown in the following equation: 

H�k�� = ∑ IJ(p 	× qKpkp��  

[3.5] 

[3.6] 
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where,  

IDnet = application depth, mm event-1  

ET0i = reference evapotranspiration for day i, mm d-1 

 Kci = crop coefficient for day i (dimensionless) 

n = number of days since previous irrigation event.  

Gross irrigation depth was computed as: 

H�rstii = H�k�� 	× �((
1v  

where,  

IDgross = gross application depth, mm event-1 

IDnet = net application depth, mm event-1  

Ea = application efficiency, %.  

 Scheduling decisions for the ET controller also depended on several factors: 

temperature threshold, irrigation schedule (days to water), rainfall thresholds, and the 24-

hour rain delay settings. The rainfall threshold was set at 6 mm (0.25 in). The irrigation 

schedule was set to water on Mondays, Wednesdays, and Fridays, and the freeze function 

was also modeled. Irrigation was therefore only allowed on days which a) were included in 

the watering schedule, b) had a daily low temperature greater than or equal to 1.5 ºC (37 ºF) 

c) did not have a rainfall event above the 6 mm (0.25 in) threshold the previous day, and d) 

did not have rainfall above the threshold within the 24 hour delay period. 

 

[3.7] 
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Comparison of SWH Results with Field Data 

 Irrigation depths obtained from controller run times were determined on a weekly 

time step and compared to the Onslow SHM model results. Due to controller issues at the 

site, only 22 weeks of ET controller data were collected from the 41-week monitoring period. 

Both rain sensors collected data from April 2012 to March 2013 and provided 41 weeks of 

data. Note that as the rain sensor equipment recorded periods of rain delay, irrigation depths 

had to account for partial irrigations if the delays were coincident with a scheduled irrigation. 

Observed and simulated data sets were compared for differences using SAS statistical 

software (SAS, Cary, NC) using a Student’s t-test with a significance level of alpha = 0.05.  

Results and Discussion 

Observed Weather Onslow County, NC 2012-2013 

Weather data were collected from February 7, 2012 to March 31, 2013. Measured 

parameters were temperature, relative humidity, solar radiation, wind speed, wind gust, and 

rainfall. Rainfall for this period totaled 1,405 mm (55.3 in) and was summed on weekly 

intervals. The lowest observed temperature was -8°C (17°F) and the highest observed 

temperature was 38°C (101°F). A total of 151 days received measurable rainfall. There were 

54 days where the minimum temperature fell below 1.5°C (the threshold to trigger the freeze 

delay for the Weathermatic ET controller). Additionally, there were 74 days of rainfall above 

3 mm (0.125 in) and 63 days of rainfall above 6 mm (0.25 in) that would have exceeded the 

respective rain switch settings. Figure 3.2 shows weekly precipitation totals for the observed 

time period.  
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Weathermatic: Predicted vs. Observed Results 

 Weathermatic controller irrigation start and stop times were logged from April 25, 

2012 to March 27, 2013. From this period, 21 weeks of observed application depths were 

compiled into weekly sums and compared to the corresponding weekly applied depths 

simulated by the SHM. Total gross irrigation depth for the Weathermatic over these weeks 

was 229.5 mm (9.0 in) and total applied depth according to the model was 155.6 mm (6.13 

in). A t-test was performed to determine differences in paired observations. The results of the 

t-test showed that differences between pairs were significant (p value = 0.001) at the alpha = 

0.05 level. The standard deviation for differences in pairs was 4.21 mm and the standard 

error was 0.92 mm. Figure 3.3 shows a pairwise comparison of observed and predicted 

values. The figure suggests that the model tended to under-predict applied irrigation depths. 

This could have occurred due to the model anticipating more rain delay days, or 

underestimating the controller-calculated ET. This is supported by Figure 3.4 where 

differences in observed and predicted values are plotted by week.  

For most weeks the observed application depths were higher than predicted (SHM) 

depths, with the exception of three weeks throughout the year. Spring and early summer 

(week 19 in particular) had the largest difference in applied depths. Week 19 (Julian days 128 

– 132) had 26.4 mm (1.01 in) of observed gross irrigation compared to 14.5 mm (0.5 in) 

calculated by the SHM. Rainfall recorded during this period was 11.7 mm (0.5 in) occurring 

on a Sunday (5.1 mm) and a Wednesday (9.9 mm) and should not have affected any 

simulated or observed irrigation events.  The Weathermatic applied 11.4 mm (0.5 in) on 
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Monday, 7.6 mm (0.3 in) on Wednesday, and 7.4 mm (0.29 in) on Friday. The SHM applied 

less water on Monday and Friday at 3.3 mm (0.1 in) and 3.5 mm (0.1 in) respectively, and 

more on Wednesday at 7.7 mm (0.3 in). The collected data showed that the Weathermatic 

module continued to accumulate ET even though a bypassing rain event occurred two days 

prior. Figure 3.5 shows an obvious departure from model under-prediction in week 27. A 

14.2 mm (0.6 in) rain event occurred on Sunday, which should have paused irrigation the 

following Monday according to the 24-hour dry out stipulation. Where the SHM and 

Weathermatic differed was on the following Wednesday where the SHM applied 10.1 mm 

(0.40 in) and the Weathermatic applied 4.9 mm (0.19 in). On Friday there was a smaller 

difference where the SHM applied 9.6 mm (0.38 in) and the Weathermatic applied 8.9 mm 

(0.35 in). A possible explanation is the duration of the rain event lasted longer than the SHM 

assumed, as the Weathermatic does not start accumulating ET until after the rain sensor disk 

dry-out and subsequent 24 hour rain delay. The largest discrepancies occurred during 

summer weeks where rain events were more common and the higher ET values making the 

water balance more critical. Winter months were more easily predicted due to lower ET 

values to accumulate. 

The histogram in Figure 3.6 shows that most days the difference between predicted 

and observed application amounts was between 0 and 5 mm (0 and 0.2 in). The mean 

difference was 4.7 mm (0.18 in) which on a weekly basis was deemed significantly different 

according to the previously stated t-test results. Overall, the Weathermatic applied 73.8 mm 
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(2.9 in) more than predicted by the SHM over the 21 weeks, and the largest discrepancies 

came from incorrectly predicting rain delay start times as well as duration.   

Values for overflow, municipal withdrawal, combined efficiency, agronomic 

efficiency, and stormwater efficiency could be obtained from the SHM; however, the metrics 

of cistern reliability were heavily dependent on the previous week’s tank level. Irrigation run 

time data were missing for some weeks, therefore these kinds of predictions were not 

feasible.  

Rain Sensors: Predicted vs. Observed Results 

Rain Sensor: 6 mm (0.25 in) Threshold 

 Fifty weeks of rain sensor data were collected from April 25, 2012 to March 27, 

2013,  from the Onslow County site. Total gross irrigation depth for a hypothetical standard 

controller paired with a rain sensor set at 6 mm (0.25 in) was 761 mm (29.9 in) for that 

period. This was slightly lower than the SHM’s prediction of 765 mm (30.2 in). A t-test for 

paired weekly differences showed that the observed applied depths were not significantly 

different than the depths predicted by the SHM when summed on a weekly basis (p-value = 

0.88). The mean difference in applications was 0.003 mm (0.09 in). The standard deviation in 

paired differences was 4.1 mm (0.16 in) and the standard error was 0.58 mm (0.02 in). The 

largest differences between predicted and observed depths occurred in weeks 24 and 26. 

Figure 3.7 shows a bivariate plot of applied depths.  

Figures 3.8 and 3.9 show the total applications and differences between predicted and 

observed values, respectively, plotted by week. According to the rain delays issued by the 
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sensors, none of the delay periods would have interrupted an irrigation event leading the 

SHM to mostly under-predict irrigation events.  

The issue of fewer total irrigation events predicted than observed lead to questions 

about the delay period assumed by the SHM and their correspondence with observed rain 

sensor delays. Figure 3.10 shows rain delay durations during the study period. Of the 53 total 

delay periods, 18 were under 24 hours and 35 were over 24 hours. There were 15 delay 

periods over 48 hours. Therefore, the majority of delay durations were between 24 and 48 

hours. Some of the longer delays occurred due to multi-day rain events. For instance days 

230-237 all received rainfall, and only three days were under the threshold limit. These 

results supported the model’s assumed rain delay duration, but highlighted the limitation of 

the SHM using rainfall data with a daily rather than hourly resolution.   

The discrepancies in applied irrigation depths may have been affected by the rain 

sensor logic in the SHM. Figure 3.11 shows a comparison of rain delay occurrences 

(predicted and observed) and duration with rainfall. The overall number of predicted delays 

for days that irrigation was scheduled exceeded the observed delays, which was consistent 

with applied depth results. The rain delays showed days where the irrigation event would be 

interrupted, or where the rain sensor was activated during the assumed 12 a.m. irrigation 

time. The gap in rain delays between days 87 and 116 were days if outside of the study 

period, not an inactive rain sensor. As expected, more rain delays were activated during the 

summer months and fewer rain events over 6 mm occurred in the winter months. However, 

there were some cases (day 312 and 313) where the rain sensors were activated when rainfall 
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did not exceed the 6 mm threshold. There were also situations (day 156) where the model 

predicted a rain delay and the sensor did not. This occurred because the collected rainfall data 

indicated a daily total only slightly higher than the threshold. Mathematically, the model 

correctly predicted the rain delay where the sensor may not have been sensitive enough to be 

activated, or drying occurred before the sensor activated. In most cases there was a lag 

between when the rain sensor was activated and when the model predicted the delay would 

occur. In these cases, rainfall occurred later in the day and did not affect the irrigation event.  

Rain Sensor: 3 mm (0.125 in) Threshold 

The 3 mm rain sensor collected data for the same period as the 6 mm sensor, and the 

system was calculated to have applied 683 mm (26.9 in) and 710 mm (28.0 in) for observed 

and predicted scenarios respectively. In this case, the SHM over-predicted applied irrigation 

compared to what was observed. A t-test for paired weekly differences showed that applied 

depths were not significantly different when summed on a weekly basis (p-value = 0.37). The 

standard deviation for paired differences was 4.1 mm (0.16 in) and the standard error was 

0.57 mm (0.02 in). The mean difference in applications was 0.53 mm (0.02 in). Figure 3.12 

shows a bivariate comparison of applied depths. The largest differences between predicted 

and observed depths occurred in weeks 29 – 32. Figures 3.13 and 3.14 show the differences 

plotted by week.  

Similar to results for the 6 mm, the weeks with the largest differences in observed and 

predicted applied depths were weeks 29 and 30. Rainfall for this period surpassed 3 mm for 7 

days. There were no observed rain delays during this two week period. The SHM predicted 
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that two events were interrupted due to rainfall during this period. The 24-hour dry out 

assumption likely did not hold for the rain sensor set at the 3 mm threshold as well as it did 

for the 6 mm threshold. Results from Cardenas-Lailhacar and Dukes (2008) supports that 

dry-out times for a sensor set at a 3 mm threshold sensor were generally shorter than 24 

hours.  

Delay periods are shown in Figure 3.15, and averaged 38 hours. There were 37 delay 

events over 24 hours and 17 were over 48 hours, which contradicted Cardenas-Lailhacar and 

Dukes (2008). A 186 hour delay event started on day 347. A significant amount of rain fell 

during this period, although there were two consecutive days with no rainfall. It is possible 

that the sensor became “stuck” and took longer to dry out before the next rain event re-

activated it, or that weather conditions prevented a timely dry-out.  

 Figure 3.16 shows rain delays activated for the observed and predicted data sets 

compared to rainfall depths. As stated previously, more rain delay periods were predicted and 

for longer duration than were observed. One noticeable aspect of the figure is that in some 

instances the model will predict rain delays of longer duration, where the observed data will 

indicate multiple delay peaks instead. What usually occurs is a lag between the rain event and 

the rain sensor activating, and it tends to stay on longer than the model would predict. 

Additionally, the largest rainfall event (92 mm) at day 151 did not have a long dry out period, 

predicted or observed. The rain sensor may have dried out faster in this instance due to high 

wind conditions, low relative humidity, high solar radiation, etc.  
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Differences between Tested Smart Treatments 

Differences between the smart technology treatments were evaluated comparing 

observed weekly application depths and using least squares means. Estimates for the 6 mm 

rain sensor, 3 mm rain sensor, and Weathermatic were 15.2 mm, 13.6 mm, and 10.0 mm 

respectively. The two rain sensors least squares means indicated they were not significantly 

different at the alpha = 0.05 level (p value = 0.61). Table 3.3 summarizes results for the 

Weathermatic and both rain sensors. P-values, means, and observed and predicted annual 

totals are included.  

Summary and Conclusions 

 The limitations of this study prevented a more thorough analysis of the performance 

of a rainwater harvesting system supplying a smart irrigation system. Due to Weathermatic 

controller and switch closure module reliability issues, only 21 weeks of unaffected irrigation 

run times were collected from the study period of April 25, 2012 to March 27, 2013. Most of 

the affected weeks were during summer months, where the appropriate irrigation depths are 

most critical to turf grass growth. However, the available weeks were capable of providing 

some information on how well the SHM was able to accurately predict watering depths.  

 Most of the discrepancies between the model and the Weathermatic controller came 

from inaccurately predicting rain delay start times. Usually a lag occurred between when the 

controller’s rain sensor would be activated and when the model predicted a rain delay. The 

logic the SHM uses required that an irrigation event be paused if rainfall for the previous day 

exceeded the assumed 6 mm (0.25 in) threshold. The model also imposed a 24-hour rain 
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delay period after the rain event concluded, meaning the two days prior to an irrigation event 

would need to be below the threshold to allow watering. Depending on when the rain event 

concluded and the delay period activated, it may not have affected the next scheduled 

irrigation event to the extent that the model assumed. This would lead to the overall lower 

application predicted by the model than what occurred with the controller in Onslow. There 

were also differences in the application depths determined by the model, as the Weathermatic 

functions to apply irrigation depths dependent on a site-specific ET deficit. There were some 

differences between the model’s predictions for daily applied depths and the depths 

calculated from run times at the study site. The frequency distributions showed that most of 

the differences were between 0 and 5 mm. The average difference in observed and predicted 

weekly application depths was 4.7 mm (0.18 in). These small discrepancies could have been 

due to differences between the temperatures observed by the Watchdog weather station (data 

used in the SHM model) and the Weathermatic controller’s station (SLW15 wireless weather 

monitor, Weathermatic, Garland, TX). Temperature differences were critical as they 

determine how both the Weathermatic controller and the SHM model calculated ET0. The 

Student’s t-test for paired observations showed that the SHM was not able to predict mean 

weekly irrigation depths within a 95% confidence interval and could be improved for the 

reasons previously stated.  

 As the SHM tended to under-predict applied irrigation, this could have some 

implications towards determining the stormwater efficiency of the combined rainwater 

harvester – smart irrigation system. Stormwater efficiency was determined by finding the 
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proportion of the volume of water supplied by RWH cistern to the volume of water that 

overflowed the RWH cistern (see “Chapter 2: Development of Smart Harvester Model and 

Evaluation of Simulation Results” for more specific calculations and results). Generally, this 

rating was improved by increasing the volume of water applied to the landscape. Where the 

ET controller had lower ratings for stormwater efficiency compared to rain sensors, these 

ratings may improve when adjustments are made to the model to more accurately predict the 

actual irrigation depths. Conversely, agronomic efficiency may be affected by requiring more 

water to be applied where the cistern may not necessarily have the necessary volume at the 

time it is called for. Increasing irrigation applications would normally lead to lower 

agronomic efficiency.   

Rain delay durations were examined in this study and the majority of delays for both 

thresholds were over 24 hours. Cardenas-Lailhacar and Dukes (2008) stated that the drying 

rate of a rain sensor is affected by temperature, wind, sunlight, and relative humidity. 

Currently, the model only has daily information for precipitation and temperature. The 

average delay duration for the 6 mm threshold sensor was 34 hours and the average delay for 

the 3 mm threshold sensor was 38 hours. Most of these delays only affected one irrigation 

event, if rainfall happened to occur the day before an event was scheduled.   

The results indicated that the SHM could improve calculations for duration and start 

times of rain delays. The model over-predicted the applied irrigation depths for the standard 

controller with rain sensor technology and under-predicted the Weathermatic controller’s 

applied irrigation depths. However, for the rain sensor technologies tested, 
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observed/predicted weekly irrigation depths pairs were not significantly different at the alpha 

= 0.05 level. Increasing the resolution of precipitation data for the model would allow the 

model to much more accurately predict the start-time of a rain delay. The delay duration 

could also be adjusted to reflect the observed average delay duration, however this value is 

likely to vary based on location and prevailing weather conditions. The SHM over-predicted 

irrigation with the 3 mm rain sensor setting because it assumed the dry-out period was less 

than the observed results showed. However, this does not justify changing the SHM to 

increase the rain delay duration from 24 to 48 hours (keeping consistent with the daily time 

steps) as the weekly pairs were not significantly different. Analyzing the entire RWH/Smart 

Irrigation system, the differences between predicted and observed application depths were 

also likely to affect combined, stormwater, and agronomic efficiencies. For the ET controller, 

stormwater efficiency could be expected to increase, where agronomic efficiency might be 

decreased if more water is called for as observed. The opposite would be true for the standard 

controller with rain sensors, as the model over-predicted applied irrigation depths. 

Monitoring the rainwater portion of the system would improve the validity of any 

conclusions drawn about the overall system, but such monitoring was outside the scope of 

this study. 
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Tables and Figures  

Table 3.1 Zonal settings for Weathermatic programming. 
Program A 
Vegetation Turf – Warm Season 
Sprinkler Type Spray 
Precipitation Rate 1 in/hr 
Start Time 12 am 
Watering Days MWF 
More/Less + 25% 

 

 

 

Table 3.2 Site specific settings for Weathermatic ET controller. 
Setting Value 

Zip Code 28540 
Latitude 34°N 
Soil Type Sand 
Slope 1° 

 

 

 

Table 3.3 Weekly applied irrigation statistics for Weathermatic and rain sensors comparison. 
 Weekly Mean, 

mm 
Annual 
Total, mm 

P-
Value1  

Standard 
Deviation, mm 

Standard 
Error, mm 

Maximum 
Difference, 
mm 

Weathermatic 

Observed 10.5 240.6 0.05 5.66 1.18 11.87 

Predicted 8.0 186.0 

6 mm Rain Sensor 

Observed 15.2 761.6 0.88 4.10 0.58 10.15 

Predicted 15.3 765.9 

3 mm Rain Sensor 

Observed 13.67 683.5 0.37 4.09 0.57 9.82 

Predicted 14.2 710.1 

1Student’s paired t-test 
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Figure 3.1 Input screen for the Smart Harvester Model developed to evaluate a combined RWH-Smart Controller system 
under various rainfall regimes. In the context of this chapter, it was used to simulate Jacksonville, NC site for a specified 
study period. 

 
 
 

 

Figure 3.2 Weekly precipitation totals for Onslow County Center, Jacksonville, NC from February 7, 2012 to January 31, 

2013. 
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Figure 3.3 Comparison of observed and predicted weekly applied irrigation depths for the Weathermatic ET controller. 
Measurements are in millimeters 
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Figure 3.4 Observed and predicted weekly applied irrigation depths for the Weathermatic ET controller and Smart Harvester 
Model prediction. 

 

 

 

 

Figure 3.5 Weekly observed - predicted application depths for the Weathermatic controller field study in Onslow County, 
NC. 
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Figure 3.6 Histogram of differences in daily observed and predicted irrigation depths for the Weathermatic controller. 
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Figure 3.7 Observed and predicted weekly application depths for rain sensor set to bypass irrigation after 6 mm (0.25 in) of 
rainfall. 
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Figure 3.8 Observed and predicted weekly application depths for 6 mm (0.25 in) threshold rain sensor. 

 
 
 
 
 
 

 

Figure 3.9 Differences between observed and predicted applications depths using a rain sensor set to bypass irrigation after 6 
mm (0.25 in.) of precipitation. Depths are summed on a weekly basis. 
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Figure 3.10 Rain delay durations for 6 mm threshold rain sensor. The majority of delay periods were over 24 hours, and 
average duration was 34 hours. Day 115-366 are from 2012 and days 1-86 are from 2013. 
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Figure 3.11 Rain delay duration for 6 mm (0.25 in) threshold and occurrences plotted with rainfall depth. Spikes in observed and predicted rain delays 
 indicate periods were a rain delay was activated. A gap between days 87 and 116 occurred as no rain sensor equipment was installed at the site.   
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Figure 3.12 Observed and predicted weekly application depths, for rain sensor set to bypass irrigation after 3 mm (0.125 in) 
of rainfall. 
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Figure 3.13 Observed and predicted weekly applications depths for 3 mm (0.125 in) threshold rain sensor. 

 

 

 

 

Figure 3.14 Differences between weekly observed and predicted applied irrigation depths for the 3 mm (0.125 in) threshold 
rain sensor 
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Figure 3.15 Rain delay durations incurred for the 3 mm (0.125 in) threshold rain sensor
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Figure 3.16 Rain delay duration (3 mm sensor) and occurrences plotted with rainfall depth. Spikes in observed and predicted rain delays indicate  
periods were a rain delay was activated. A gap between days 87 and 116 occurred as no rain sensor equipment was installed during this period.  
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