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A B S T R A C T   

Irrigation adoption is increasing in humid regions to offset short-term dry periods, especially at the peak of the 
growing season. Low soil moisture at the peak growth stage impacts yield and limits the plant’s capacity to 
uptake nitrogen, resulting in low nutrient use efficiency (NUE). However, heavy rainfall on fields with supple
mental irrigation may result in waterlogging and surface runoff, leading to nutrient leaching and runoff. This 
ultimately can lead to lower NUE, poor water use efficiency (WUE), reduced yields, and water quality impacts. 
This makes irrigation management challenging in humid regions, as irrigators must avoid both limited and excess 
water conditions. This field study aimed to develop and test an irrigation management methodology using real- 
time soil water availability, crop physiological status, water needs, and short-term weather forecasts information 
from National Weather Service. A rule-based approach determined by soil moisture depletion and short-term 
weather forecasts was used to trigger irrigation to avoid both stress and excess water conditions. This method 
was tested in two years of field trials in Suffolk, Virginia to quantify its impacts on yield, NUE, WUE, and 
financial returns in corn and cotton under four nitrogen application treatments. The relative impact of irrigation 
and nitrogen treatment was quantified using mixed effects models. The yield, NUE and WUE were impacted by 
both precipitation and irrigation patterns. Significantly different yields were observed under Nrates treatments 
for both corn and cotton. The trends of economic returns were similar to yield and were significantly different 
between recent and historic prices. This study also discusses the impacts of reliability and practical challenges of 
using Weather Informed irrigation in a field study.   

1. Introduction 

Irrigation and nitrogen (N) play a significant role in crop growth, 
development, and productivity. Irrigated agriculture accounts for 70% 
of global water use (FAO, 2017). In the United States (US), irrigation 
accounted for 42% of freshwater withdrawals and 62% of the total water 
consumption (water not returned to the source after being withdrawn)- 
the highest consumption among all water use sectors in 2015 (Dieter 
et al., 2015). Irrigation adoption is also increasing in humid regions to 
offset short-term in-season droughts especially at the peak of the 
growing season (Paoletti and Shortridge, 2020; Walton, 2014). On the 
other hand, human acceleration of the N cycle has resulted in a tenfold 
increase in usage of mineral nitrogen fertilizer between 1911 (before the 
commercialization of the Haber-Bosch process) and 1960 (12 Tg N y-1), 

and another tenfold increase in the usage of nitrogen between 1960 and 
2013 (110 Tg N y-1) (Battye et al., 2017). This increase is unlikely to be 
reversed in the near future as an estimated 48% of the world’s popula
tion depended on N for food in the early 21st century (Erisman et al., 
2008; Galloway et al., 2008). The increase in reactive N results in severe 
environmental issues, ranging from local water and air pollution to 
global climate change (Gruber and Galloway, 2008). Nitrogen leaching 
increases under higher water application and N fertilization (Wang 
et al., 2021; Muhammad et al., 2022). Therefore, careful consideration 
of the impacts of irrigation and N is important at the field scale for 
sustainable agricultural systems (Dai et al., 2019). 

Croplands with a potential for N losses through deep percolation 
exist along the Atlantic coastal plain extending from Alabama north
ward through eastern VA and the Delmarva Peninsula (Potter et al., 
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2006). In northeast US, N losses average 44 kg per ha (39 pounds per 
acre) per year. Waterborne sediment accounted for the highest 34% of 
the losses, followed by 29% losses through volatilization and 17% losses 
dissolved in runoff and leachate (Potter et al., 2006). Excessive N 
application can have a significant economic impact on the growers. In 
the US, unused N results in fertilizer costs of about 6 billion dollars per 
year (Houlton et al., 2013). Yield loss associated with low nutrient use 
efficiency (NUE) ranges between 9% and 24% for corn and soybeans 
(Egli and Hatfield, 2014a, 2014b). Over 2021–2022, fertilizer prices are 
well above average, and the farm input prices increased more than 
double the general inflation rate in the US, largely impacting energy and 
fertilizer input prices (Langemeier, 2022). Although the optimum 
amount of N may vary with the crop type and field management prac
tices, a common finding of previous research is that N uptake is highly 
dependent on soil moisture conditions (Dai et al., 2019; Sincik et al., 
2013). Improvements in NUE and associated gains in environmental 
conservation were anticipated through precision N and water manage
ment. Still, that promise has yet to be realized due to limitations in 
adoption of technology primarily due to low returns based on current 
crop practices (Basso et al., 2019; Schimmelpfennig, 2016). 

Traditionally, the main aim of irrigation scheduling techniques was 
to increase crop productivity with the optimum use of available re
sources. In the past two decades, various studies found the use of real- 
time soil moisture monitoring in irrigation scheduling to increase 
water use efficiency (WUE) without compromising the yield benefits 
(Camporese et al., 2021; Hanson et al., 2000; Kumar et al., 2022, Li 
et al., 2019; Moreira et al., 2016; Shang and Mao, 2006). Studies have 
also observed varying impacts of irrigation scheduling on NUE in 
different conditions. Ballester et al., (2021) tested NUE under three 
irrigation frequencies and lower than recommended fertilizer rates and 
found the intermediate irrigation frequency most effective for producing 
lint. Lu et al. (2021) found an increase in NUE with reduction in irri
gation for wheat under monsoon climates. Da Cunha Leme Filho et al. 
(2020) compared two different irrigation treatments and four different 
N treatments for corn and found that NUE decreased with increasing 
application amounts and irrigation treatments didn’t impact the NUE. 
Additionally, studies show that a N application beyond a range deter
mined by soil, climatic and field management practices may result in 
yield losses and lower NUE (Gao et al., 2012; Zhang et al., 2015). 

Irrigation and nutrient management are challenging in regions with 
sandy soils and humid climates. Sandy soils experience soil moisture 
deficit due to the lower water holding capacity of soils. At the same time, 
humid regions also encounter higher nutrient leaching when irrigation is 
paired with frequent intense precipitation events (Zurweller et al., 
2019). Therefore, planning and adoption of water management prac
tices to offset both moisture deficit and excess moisture conditions is 
vital for humid regions where supplement irrigation has a potential for 
widespread nutrient pollution through surface runoff and sub-surface 
leaching (Lassaletta et al., 2016; Li et al., 2018; Wang and Li, 2019). 
However, variation and unpredictability of precipitation still presents a 
significant uncertainty in management decisions that impact NUE and 
WUE. Previous studies have tried to maintain adequate soil moisture 
using frequent, light irrigation for humid regions rather than the less 
frequent heavy irrigation observed in arid regions (Sadler, et al., 2003). 
This method of high frequency and light irrigation has also been proven 
to improve WUE and NUE, limit N leaching, and maintain optimal N 
levels in corn and sandy soils (Liu et al., 2019; Hunsaker et al., 1998; 
Phene and Beale, 1976). However, the major limitation of this method is 
the financial and logistical burdens on farmers due to the increase in 
irrigation applications, especially at times of high gas prices and labor 
shortages. 

Irrigation scheduling techniques that make use of weather forecasts 
could help address these issues to increase crop productivity, WUE, and 
NUE (Anupoju et al., 2021; Attia et al., 2021; Bergez et al., 2002; Bergez 
and Garcia, 2010; Nie et al., 2021; Vazifedoust et al., 2008; Zhang and 
Guo, 2016). Computational modeling studies have evaluated both 

seasonal and short-term forecasted precipitation in irrigation water 
management (Cai et al., 2011; Jamal et al., 2018; Sangha et al., 2020; 
Wang and Cai, 2009; Wilks and Wolfe, 1998). While the seasonal fore
casts provide better lead time and can be used to support decisions about 
crop type, crop pattern and crop placement within irrigated or 
non-irrigated fields, short-term forecasts have higher accuracy for use in 
irrigation scheduling (An-Vo et al., 2019; Jamal et al., 2019; Sangha 
et al., 2020). The impact of using climate services has been studied using 
quantitative models or by dissemination of forecast among control 
groups of farmers and then evaluating the impacts on yield (Maini and 
Rathore, 2011; Mapanje et al., 2021). However, model results may be 
biased towards the assumptions of risk and trust level in forecast among 
the farmers relative to model (Roudier et al., 2014). Additionally, 
studies that use control groups to directly assess the impact of weather 
forecasts face the challenge of controlling the information that is leaked 
to the control group. This can be a major hurdle for such studies, as it is 
difficult to ensure that the control group is not influenced by the forecast 
information. Additionally, studies that use control groups to directly 
assess the impact of weather forecasts face the challenge of controlling 
the information that is leaked to the control group. This can be a major 
hurdle for such studies, as it is difficult to ensure that the control group is 
not influenced by the forecast information (Tall et al., 2018). 

Studies have used both deterministic and stochastic weather fore
casts in irrigation scheduling. However, the major limitation of deter
ministic irrigation scheduling methods is the inherent assumption that 
under a specific scenario, all meteorological parameters such as pre
cipitation, wind speed, radiation are known with certainty. However, in 
practice actual weather often differs from the forecasted conditions. 
Therefore, the use of probabilistic weather forecasts in irrigation 
scheduling is helpful in developing optimal irrigation scheduling (Cai 
et al., 2011). But the effectiveness and challenges of using probabilistic 
weather forecasts, as well as their impact on NUE and WUE, have not 
been studied in a field experiment for major field crops. 

The goal of this study is to develop a rule-based approach to irriga
tion scheduling using short-term weather forecasts and assess its impacts 
on yield, NUE and WUE for corn and cotton in humid climates. In 
conjunction with real-time soil water content, crop physiological status, 
and water needs, the weather forecast is used to determine the timing 
and volume of irrigation applied. This study was conducted over two 
years at a field station in Suffolk, Virginia, with our novel scheduling 
approach compared to a non-irrigated (NI) and reference irrigation 
treatment using four N levels. Additionally, the financial viability of the 
different treatments was analyzed based on fertilizer, fuel and sale price. 

2. Material and methods 

2.1. Study site and experimental setup 

The two-year study (2020–2021) was conducted for corn and cotton 
at Virginia Tech’s Tidewater Agricultural Research and Extension Center 
(AREC) at Suffolk, Virginia (Fig. 1). Soils at the study location were a 
moderately well-drained and deep Emporia fine sandy loam, and the site 
experiences an average of 787 mm of rainfall between May and October 
(USDA-WSS, 2023). Irrigation was applied using a Zimmatic™ lateral 
move variable rate irrigation (VRI) system. Water for the VRI system was 
supplied by a pond, and the system was powered by a diesel motor. The 
study was designed using split-plot arrangement with irrigation as main 
plot factor and N treatment as sub-plot factor under randomized 
split-plot design with four replicates for corn and cotton. Each plot was 4 
rows wide and 15.2 m long. The row spacing for corn and cotton was 
0.91 m, a standard practice in the Tidewater region. To minimize 
overlap of nutrient and irrigation treatments, 9.14 m alleys were used 
between each irrigation treatment and 6-meter border plots were 
planted between corn and cotton. The crop management and planting 
dates are summarized in Table 1. 
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2.2. Treatments and field data 

The study included four N treatments and three treatments for irri
gation. The four N treatments were varied amounts at increments of 
90 kg N ha-1 for corn. Nitrogen treatments of corn were 0, 90 kg N ha-1, 
180 kg N ha-1 and 270 kg N ha-1. For cotton, N treatments varied at 
increments of 45 kg N ha-1 i.e., 0 kg N ha-1, 45 kg N ha-1, 90 kg N ha-1 

and 135 kg N ha-1. In all fertilizer treatments, liquid ammonium nitrate 
was subsurface-banded between the rows at side-dress in a split appli
cation with 25% of the N applied at planting in a starter band and 75% 
applied at V5-V7 in corn and matchhead square in cotton. The three 
irrigation treatments were non-irrigated (NI), full irrigation (FI), and 
weather-informed irrigation (WI). Under the NI treatment, irrigation 
was not applied. Under the FI treatment, the soil moisture was main
tained above 70% of plant-available water capacity (PAWC) of the soil 
regardless of predicted precipitation and sufficient irrigation was 
applied to bring soil moisture back to field capacity. Thus, FI treatment 
was irrigated more often and at a greater depth than WI treatment. The 
FI treatment avoided conditions of limited soil moisture and the excess 
irrigation allows us to quantify the impact of excess soil moisture con
ditions. Finally, the WI treatment aimed to avoid water stress conditions 
but also avoid saturated conditions that could result in runoff and deep 
percolation based on VWC readings and rainfall forecasts. 

The volumetric water content (VWC) in the field was monitored 
using Sentek Triscan® capacitance probes which sense VWC at every 
100 mm (4 in.) to 1000 mm (36 in.) depth. One probe was installed in 

each irrigation treatment zone for each crop. All corn probes were in the 
180 kg N ha-1 N treatment, and all cotton probes were installed in the 
90 kg N ha-1 N treatment. A weather station was installed at the field to 
capture hourly field weather conditions including precipitation, tem
perature, solar radiation, dew point, vapor pressure, relative humidity, 
leaf wetness, wind direction and wind speed. The weather forecast in
formation for the WI irrigation treatment was obtained from gridded 
2.5 km by 2.5 km data products produced by the National Oceanic and 
Atmospheric Administration’s (NOAA) National Weather Service 
(NWS). The probability of precipitation (POP) provides a probability of 
receiving precipitation of greater than or equal to 0.254 mm (0.01 in.) at 
any point in the forecast area and forecast period. This information was 
available at 12-hour intervals up to 7 days in advance. The quantitative 
precipitation forecast (QPF) provides a measurable amount of precipi
tation (greater than 0.254 mm) forecasted for any time within the 
forecasted period. QPF data was available at 6-hour intervals. Forecasts 
of reference crop evapotranspiration (FRET) is the expected depth of 
evapotranspiration (ET) from a reference crop (short crop with 
approximate height of 12 cm) under the forecasted weather conditions 
on a daily time step over the next 7 days. The reference ET value by crop 
coefficients for each crop growth stage using Food and Agriculture Or
ganization Crop coefficients values for corn and cotton (Allen et al., 
1998). An R-script ran daily to obtain the forecasted weather conditions 
for the next 72 h. Probabilistic quantitative precipitation forecasts 
(PQPF) were then calculated using POP and QPF. While POP obtained 
from NWS is the probability of precipitation above 0.254 mm, PQPF is 
the probability of precipitation above a specific threshold value. In this 
study, the threshold was assigned as the daily CET calculated using 
FRET; thus, the PQPF value of interest is the probability of rainfall 
exceeding CET, denoted the probability of exceedance (POE). PQPF is 
based on a climatological distribution which is similar to exponential 
distribution and calculated in two steps (Amburn and Frederick, 2006). 
Firstly, the conditional quantitative precipitation forecast (μ), defined as 
the expected depth of precipitation given that precipitation occurs is 
given by 

μ =
QPF
POP 

The conditional probability of precipitation exceeding CET given 
that precipitation occurs is calculated assuming an exponential distri
bution of expected rainfall depths: 

Pr(P > CET|P > 0) = e(− CET/μ)

Fig. 1. Location of Tidewater research station in Suffolk Virginia.  

Table 1 
Crop and irrigation management during the growing season.   

2020 2021  

Corn Cotton Corn Cotton 

Planting Date Apr 
17 

May 14 Apr 20 May 5 

Harvest Date Sept 2 Oct 29 Sept 
13 

Oct 21 

Sidedress Date June 5 June 
30 

June 2 July 1 

Total Precipitation (planting through 
harvest; mm) 

610 756 664 714 

Irrigation applied: FI treatment (mm) 132 162 55.8 55.8 
Irrigation applied: WI treatment (mm) 89 104 38.1 30.5 
Irrigation applied: NI treatment (mm) 0 0 0 0  
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The unconditional probability of precipitation exceeding CET (POE) 
is then given by 

POE = Pr(P > CET) = Pr(P > CET|P > 0) ∗ POP 

The highest frequency of rainfall amounts is typically non-zero when 
the weather event is expected to cause widespread rainfall and POP is 
above 90. Under such circumstances, estimating exceedance probabili
ties using the gamma distribution where the alpha term equals 3 delivers 
more accurate results than the exponential distribution (Amburn and 
Frederick, 2006). Similar results for high POP have been observed in 
previous studies by Donald et al. (1970). Therefore, POE when POP was 
above 90% was calculated using. 

POE = (0.5 ∗ (e
− x
β ∗ ((x2

β2)+(2∗x
β )+2))) ∗ POP where β = QPF / 3. 

2.3. Irrigation Scheduling 

To estimate soil moisture in the root zone, we first determined 
effective root depth based on crop stage and the observed changes in soil 
moisture revealed by soil moisture probes. Effective rooting depth was 
determined using the soil water extraction patterns observed using soil 
moisture sensors. Volumetric water content observations in shallow 
zones exhibited a daily pattern that included drawdown of soil moisture 
during daylight hours, whereas deeper volumetric water content ob
servations did not exhibit these patterns. (Irmak and Rudnick, 2014) 
(Irmak and Rudnick, 2014). Each Sentek probe reported VWC as a 
percentage of the unit volume of soil for each of the nine VWC sensors 
spaced at 100 mm (4 in.) intervals. Once the effective root depth was 
determined, root zone soil moisture (RSM) was calculated using 
observed VWC for each sensor within the effective root zone. Soil field 
capacity (FC) for root zone was determined using VWC observed after 
48 h of soil saturation in the field using soil moisture sensors in rootzone 
(Sui and Vories, 2020; Vories and Sudduth, 2021). WP for each sensor 
depth was determined based on soil texture. FC, WP and RSM reported 
as percent of the unit volume of soil were converted to inches of avail
able water within the root zone using following equation: 

RSMmm =
∑N

1
(VWCn ∗

4
100

) ∗ 25.4  

Where RSMmm is soil moisture in inches, VWCn is the VWC of sensor 
(measured in inches of water per inch of soil x 100) at n depth (in the 
increments of 102 mm), N is the number of sensors within the root zone. 
This value is multiplied by 0.04 to convert sensor readings to an estimate 

of water content in inches across the each 102 mm interval monitored by 
each individual sensor. It is then converted to mm by multiplying with 
25.4. 

The root zone depletion (DP) was measured as 

DPobs = 100 ∗
FC − RSMmm

PAWC  

where RSMmm is the observed root zone soil moisture, PAWC is plant 
available water content measure as difference between soil moisture at 
wilting point and soil moisture at field capacity. 

For both the FI and WI treatments, a set of decision rules were 
developed to determine the timing of irrigation as well as the depth of 
irrigation applied (Fig. 2). Three trigger levels were decided based on 
observed DP of soil moisture. Using these trigger levels, for FI Treat
ment, irrigation was applied if: 

DPobserved > DP1 irrespective of POE 
irrigation was applied for WI treatment when: 
DP2 < DPobserved < DP3 and POE < 0.25 
DP3 < DPobserved < DP4 and POE < 0.6 
DPobserved > DP4 irrespective of POE 
where,DPobserved is the observed depletion and values of DP1 through 

DP4 are presented in Table 2. In practice DPobserved was not observed to 
fall below DP4. Irrigation depth in the WI treatment was calculated as 
follows: 

DWI = (0.75 ∗ PAWC) − RSMsensor − QPF +ETf 

Irrigation depth in the FI treatment was calculated as 

DFI = PAWC − RSMsensor  

where DWI and DWFI is the depth of irrigation applied in mm under WI 
and FI treatment respectively, PAWC is the plant available water content 
(FC-WP), RSMsensor is the current soil moisture in the root zone, QPF is 

Fig. 2. Flow chart for probabilistic rule-based irrigation scheduling.  

Table 2 
Soil moisture depletion thresholds for each crop and irrigation treatment.   

Corn Cotton  

FI WI FI WI 

D1 (trigger FI) 30% NA 30% NA 
D2 (trigger WI with low POE) NA 40% NA 50% 
D3 (trigger WI with medium POE) NA 50% NA 55% 
D4 (trigger WI regardless POE) NA 60% NA 60%  
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the depth of forecasted precipitation over the next 72 h, and ETf is the 
forecasted crop evapotranspiration over the next 24 h. In instances 
where the prescribed irrigation depth exceeds 12.7 mm, this amount 
was applied over two irrigation events to avoid exceeding the infiltra
tion capacity of the soil. 

2.4. Data collection and analysis 

The irrigation and nutrient treatments were analyzed based on yield, 
WUE and NUE. For corn, the entire plot was harvested at maturity using 
a small-plot harvester and yield was determined on a 15.5% moisture 
basis. In cotton, harvest was conducted 21 days after defoliation 
following Virginia Cooperative Extension recommendations for cotton 
(Frame et al., 2016). Case IH 2555 Cotton Picker modified with auto
matic weigh system using Harvester Master generic harvest system to 
weigh plots. Prior to harvest a 25-boll lint sample was collected to 
determine lint percentage and lint quality. Nitrogen uptake was quan
tified by biomass sampling a meter of row from each plot. For corn the 
biomass sample was taken at black layer and for cotton it was collected 
at 1st open boll. Data was check for normality and outliers were 
discarded. 

The NUE is a widely used indicator to access the efficiency of N 
applications (Duan et al., 2014; Langholtz et al., 2021). NUE has been 
defined in several ways in the literature and can be broadly categorized 
as fertilizer-based, plant-based, soil-based or by approach of 
isotope-based, or systems-based (Congreves et al., 2021; Ladha et al., 
2005). In this study, NUE was calculated using recovery efficiency i.e. 
the apparent increase in plant N uptake in response to the N inputs. This 
was calculated using the N uptake for the treatment relative to control 
and thus accounts for background soil N levels. The NUE was calculated 
as follows: 

NUE =
Nt − No

Nrate  

where Nt is the N uptake in a specified nutrient treatment (kg N/ac), No 
is the N uptake in no fertilizer treatment and Nrate is the amount of N 
applied in a specific N treatment. 

Irrigation WUE has been defined in several ways in the literature 
based on observations and standpoint of the discipline. WUE could be 
defined based on agronomic (e.g., using the ratio of produced biomass or 
economic yield) or physiological perspectives (e.g., CO2 assimilation to 
water consumed) (BOS, 1985; Sinclair et al., 1984). In this study, irri
gation WUE was calculated as an indicator of the efficiency of crop 
production system corresponding to the amount of irrigation applied. 
The WUE was calculated using the following equation. (Ullah et al., 
2019). 

WUE =
YI − YNI

D  

where YI is the yield of irrigated crop (kg ha-1), YNI is the yield of NI crop 
and D is the depth of irrigation applied (kg ha-1). 

The profitability of different irrigation treatments was estimated by 
calculating the difference in variable operational costs of fuel for irri
gation pumping, as well as the difference in revenue from yields under 
each treatment using recent prices for corn, cotton, and fuel (Table 3). 
Prices were based on average 2022 fuel prices obtained from US Energy 
Information Administration and crop prices were obtained from 

macrotrends (Macrotrends, 2022; Quinn, 2019; US EIA, 2022). This 
analysis is based on the variable input costs associated with irrigation 
fuel and doesn’t consider investment, ownership, or labor costs. The fuel 
usage in each irrigation event and per acre inch of water applied were 
calculated using extension irrigation budgets developed by University of 
Georgia Department of Agricultural and Applied Economics assuming 
65 acres of diesel-powered center pivot irrigation (University of Geor
gia, 2021). Fuel costs ($/AI) are calculated as follows: 

FuelCost = 0.044 ∗ HP ∗ CF ∗ TCoverage ∗ In  

where 0.044 is a conversion factor with units’ gallons/horsepower/ 
hour, HP is horsepower of the engine, CF is cost of fuel per gallon, Tco

verage is average time for full irrigation application (hours), In is the total 
number of irrigation events during the growing season and was calcu
lated as annual acre-inch applied divided by average application rate. 
This analysis assumed the use of a 65 HP pump and an average appli
cation time of 0.67 h per acre. 

Change in financial returns from NI treatment were calculated for 
each treatment for both corn and cotton using equation 

Creturns =
RT − R0

R0
∗ 0.4  

where RTis the return from a given N and irrigation treatment and R0is 
the return from NI and given treatment and 0.4 is conversion factor from 
$ per acre to $ per ha. Thus, all costs are calculated as a financial 
different relative to a baseline scenario of NI and corresponding N 
treatment. 

2.5. Statistical analysis 

The impacts of N treatment and irrigation on NUE, WUE and yield 
were analyzed using liner mixed effects models from lme4 package in R 
(Bates et al., 2015). Linear mixed effects models consider both fixed 
effects (which are consistent across treatments groups) and random ef
fects that vary across treatment groups. The N application and irrigation 
were considered as fixed effects and replicates were considered as 
random effects as follows: 

yij = αj[i] + βixi + εi for N and Irrigation treatment i = 1 to 12  

αj[i] = a + buj + nj for replicates j = 1 to 4  

where αj[i]is the varying intercept based on random replicates and the 
fixed the treatments, βi and b are fixed slopes, a is the fixed replicate 
intercept,xi and uj represents predictor variables at treatment and 
replicate levels and εi and nj are independent error terms. Regression 
models were fit separately for each year due to significant difference 
between yield across N rates in the years for corn and cotton. For each 
year, the interaction effects were evaluated between the treatments 
using ANOVA. Main effects were evaluated when no significant in
teractions occurred between the treatments. The mean difference of 
treatment effects (LSD) was performed using predictmeans function 
from predict means package (Lu et al., 2021). The predictmeans function 
is used to diagnose and make inferences from lmer models and generates 
means and standard errors and performs contrasts and multiple com
parisons. A probability level of less than 0.05 was considered significant. 
All the data analysis was performed using the R studio 4.1 (R Core Team, 
2021). 

3. Results 

3.1. Variation of precipitation, irrigation, and soil moisture through time 

Table 4 presents a summary of rainfall and irrigation events in corn 
based on growth stage. Growth stages were determined by growing 

Table 3 
Cost of farm inputs and crop prices in the recent (2022) times.   

Recent 

Fertilizer Cost ($ N per kg)  2.5 
Fuel Cost ($)  5.5 
Corn Price ($ per kg)  0.3 
Cotton Price ($ per kg)  3.0  
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degree days. Corn received 610 and 664 mm of rainfall in 2020 and 
2021, respectively. July 2020 was the driest month in the growing 
season and received only 45.7 mm of rain. Therefore, four applications 
provided a total of 89 mm and 132 mm of irrigation for WI Irrigation 
and FI treatments, respectively, during the dry spell of July 2020 
(Table 4). In 2021, May was the driest month in the growing season, and 
rainfall was more evenly distributed in the following months, with short 
dry spells at the end of June and July. In 2021, corn received three 
irrigation applications in June and July. Compared to FI, WI irrigation 
decreased irrigation by 43.2 and 17.8 mm in 2020 and 2021, respec
tively (Table 4). During both years, all irrigation treatments were be
tween the V12 and R3 stages of corn (Table 4). 

During the cotton growing season, the study area received 757 and 
715 mm of rainfall in 2020 and 2021, respectively. In 2020, 104 mm of 
irrigation was applied for the WI treatment, and 163 mm was used for 
the FI treatment (Table 5). In 2021, three irrigation applications were 
made, and a total of 30.5 mm were applied for WI treatment, and 56 mm 
were applied for FI treatment. In both years, no irrigation was applied to 
the NI treatment of corn and cotton. 

It should be noted that several major rainfall events occurred in 
2020, which influenced the study results. Due to Hurricane Isaias, the 
study area received 127 mm of rain for six days between 3rd − 8th 
August. Corn was at the R2-R3 stage at the time of this tropical storm, 
and cotton was between the first flower and peak blooming (Table 4 and 
Table 5). Additionally, two heavy rainfall events occurred on the 9th and 
18th of September due to Hurricane Sally. Corn was harvested at this 
time, and cotton was near the defoliation stage during these rainfall 
events. 241 and 260 mm of rainfall occurred in August and September 
2020, respectively (Table 5). 

3.2. Corn results 

In 2020, ANOVA results indicate that yield varied significantly across 
N treatments, but not between irrigation treatments or Nrate x irrigation 
interactions. Across N treatments, yield was higher in 180 and 270 kg N 
ha-1 treatments than 90 kg N ha-1 and 0 kg N ha-1 (P < 0.05) (Fig. 3 B). 
Although insignificant, yield was higher in WI yields were higher than FI 
for the 180 kg N ha-1 treatment which is where the probe used for irri
gation scheduling was located, but lower in the 270 kg N ha-1 and 
90 kg N ha-1 applications (Table 6). 

ANOVA results indicate that NUE was related to interactive effects 
between irrigation and N in 2020. NUE was higher at 180 kg N ha-1 

under WI irrigation than 270 and 90 kg N ha-1 treatment under WI 
irrigation (Fig. 3 A). NUE was not significant between N rates and irri
gation in both years. While not significant, WI resulted in the highest 
NUE (0.82) at 180 kg N ha-1 similar to NUE (0.81) at 270 kg N ha-1 with 
FI indicating better NUE with lower inputs (Table 6). 

No significant relationships between irrigation treatment, N treat
ment, or their interactions were observed for WUE. While not signifi
cant, WUE was higher in WI irrigation than FI (Table 6). Taken together, 
2020 data suggests that WI resulted in better NUE at 180 kg N ha-1 than 
other WI treatments. This could possibly stem from the fact that irri
gation volumes in the 270 kg N ha-1 zones were still based on a sensor in 
the 180 kg N ha-1 zone. Better yields were observed at higher N 
treatments. 

In 2021, yield varied across N rates and increase in yield was 
observed with an increasing N rate. However similar to 2020, yield was 
not significant for irrigation treatments or Nrate x irrigation in
teractions. Highest yield was observed at 270 N treatment and decreased 

Table 4 
Precipitation and irrigation for corn with respect to crop stages for 2020 and 2021 growing season.  

2020 2021 
Crop Stage Start Date End Date Precipitation (mm) FI (mm) WI 

(mm) 
Start Date End Date Precipitation (mm) FI (mm) WI (mm) 

VE 04/17/20 04/30/20 111.8 0.0 0.0 04/20/21 04/29/21 5.8 0.0 0.0 
V1 05/01/20 05/09/20 21.1 0.0 0.0 04/30/21 05/03/21 8.9 0.0 0.0 
V2 05/10/20 05/17/20 0.0 0.0 0.0 05/04/21 05/13/21 9.9 0.0 0.0 
V3 05/18/20 05/26/20 38.6 0.0 0.0 05/14/21 05/22/21 0.0 0.0 0.0 
V6 05/27/20 06/01/20 20.6 0.0 0.0 05/23/21 05/28/21 4.3 0.0 0.0 
V8 06/02/20 06/06/20 0.0 0.0 0.0 05/29/21 06/05/21 86.4 0.0 0.0 
V10 06/07/20 06/09/20 33.3 0.0 0.0 06/06/21 06/07/21 0.0 0.0 0.0 
V12 06/10/20 06/26/20 77.5 0.0 0.0 06/08/21 06/22/21 42.7 0.0 0.0 
Vn-VT 06/27/20 07/10/20 26.9 25.4 25.4 06/23/21 07/07/21 67.3 17.8 12.7 
R1 07/11/20 07/17/20 0.8 25.4 25.4 07/08/21 07/13/21 55.4 0.0 0.0 
R2 07/18/20 07/23/20 0.3 50.8 25.4 07/14/21 07/20/21 36.3 19.1 12.7 
R3 07/24/20 08/02/20 18.3 30.5 12.7 07/21/21 07/31/21 72.4 19.1 12.7 
R4 08/03/20 08/12/20 128.5 0.0 0.0 08/01/21 08/11/21 115.3 0.0 0.0 
R5 08/13/20 08/18/20 81.5 0.0 0.0 08/12/21 08/16/21 79.8 0.0 0.0 
Mature 08/19/20 09/02/20 51.8 0.0 0.0 08/17/21 09/12/21 79.8 0.0 0.0 
Total   610.9 132.1 88.9   664.0 55.9 38.1  

Table 5 
Precipitation and irrigation for cotton with respect to crop stages for 2020 and 2021 growing season.  

2020 2021 

Crop Stage Start Date End 
Date 

Precip (mm) FI 
(mm) 

WI 
(mm) 

Start 
Date 

End 
Date 

Precip 
(mm) 

FI 
(mm) 

WI 
(mm) 

VE 05/15/20 05/28/20  55.6  0.0  0.0 05/06/21 05/19/21  8.1  0.0  0.0 
Between VE and First Square 05/29/20 06/22/20  107.2  0.0  0.0 05/20/21 06/12/21  119.6  0.0  0.0 
First square 06/23/20 06/27/20  7.1  0.0  0.0 06/13/21 06/19/21  0.0  0.0  0.0 
Between First Square and First flower 06/28/20 07/11/20  26.9  25.4  25.4 06/20/21 07/04/21  81.0  17.8  10.2 
Appearance of first flower 07/12/20 07/17/20  0.8  25.4  25.4 07/05/21 07/10/21  55.4  0.0  0.0 
Between First flower and peak blooming 07/18/20 08/08/20  146.8  111.8  53.3 07/11/21 08/04/21  210.8  38.1  20.3 
Peak blooming 08/09/20 08/16/20  81.8  0.0  0.0 08/05/21 08/12/21  13.2  0.0  0.0 
Between peak blooming and first open boll 08/17/20 08/25/20  29.0  0.0  0.0 08/13/21 08/19/21  80.0  0.0  0.0 
First open boll 08/26/20 09/04/20  22.9  0.0  0.0 08/20/21 08/28/21  18.5  0.0  0.0 
Between first open boll and Defoliation 09/05/20 09/09/20  65.5  0.0  0.0 08/29/21 08/31/21  20.8  0.0  0.0 
Defoliation 09/10/20 10/29/20  213.6  0.0  0.0 09/01/21 10/04/21  107.4  0.0  0.0 
Total    757.2  162.6  104.1    714.8  55.9  30.5  
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with N rates (Fig. 3 C). While not significant, WI yields were higher than 
FI under all N treatments (Table 6). In 2021, no significant relationships 
between irrigation treatment, N treatment, or their interactions were 
observed for NUE or WUE (Table 6). While not significant, WI showed 
improved NUE and WUE at 90 and 180 kg N ha-1 treatments. The WUE 
was higher under WI in all N treatments (Table 6). 

3.3. Cotton results 

In 2020, ANOVA results indicate a significantly different cotton yield 
under irrigation and Nrates but not the Nrate x irrigation interactions 
(P < 0.05) (Table 7). Cotton yields were higher at 135 kg N ha-1 treat
ment than 45 kg N ha-1 (Fig. 4 A). Cotton yields were lower under FI 
treatment from NI, indicating significantly higher yield losses due to FI 
(P < 0.05) (Fig. 4 B). While not significantly, cotton yields were better in 
WI than FI treatment (Table 7). ANOVA results indicate that no 

difference between NUE and WUE were observed under irrigation, N 
treatments and Nrate x irrigation interactions. WUE was negative for 
both WI and FI treatments due to lower yields than NI indicating that no 
yield benefits were observed with supplement irrigation in 2020 
(Table 7). 

As indicated in ANOVA results, significant difference in cotton yields 
were observed only under Nrate but not across irrigation treatments or 
Nrate x irrigation interactions in 2021. Overall, an increase in yields 
overall increased with N rates (Fig. 4 C). While not significant, yield was 
higher with WI irrigation than both FI and NI. ANOVA results indicate a 
significant difference in WUE under N treatments but not under irriga
tion or Nrate x irrigation interactions (Fig. 4 D). Although insignificant, 
WUE and NUE were higher for WI irrigation than FI and WI. 

Fig. 3. Effect of N rate and Irrigation on Yield, NUE and WUE for Corn (Similar letters between the treatments indicate non-significance at a 0.05 level).  
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3.4. Profitability 

The trends for profitability were similar to those for yield, indicating 
the price increase in fuel inputs were compensated by the increase in 
yields especially at higher N rates (Fig. 5). In 2021, the corn returns were 
higher under WI irrigation at all N treatments. In 2020, FI resulted in 
economic losses at 180 kg N ha-1 treatment. Negative returns indicate 
economical losses due to additional irrigation primarily due to reduction 
in yield. 

Economic trends for cotton were also similar to the yields in both 
years. In 2020, NI resulted in higher yields and economical losses were 
observed for both FI and WI irrigation treatments. In 2021, WI irrigation 
resulted in higher profits than FI at 45 kg N ha-1 and 90 kg N ha-1 irri
gation whereas FI resulted in economic losses in 90 kg N ha-1 treatment. 

4. Discussion 

4.1. Irrigation with respect to crop growth stage and impacts on yield, 
NUE and WUE 

Irrigation with respect to the crop stage plays a vital role in the 
overall yield and WUE of the crop. Irrigation for corn was applied near 
or after the tasseling stage (Table 4). Corn is susceptible to water stress 
during tasseling and early reproductive stages Previous studies have 
shown that the irrigation in the reproductive stages of crops is more 
important than in the early vegetative stages in order to achieve a high 
crop yield (Fang et al., 2014). Consideration of nutrient levels in irri
gation management and information on site specific soil moisture con
ditions is highly important to prevent over- or under irrigation 
(Bondesan et al., 2022). The soil moisture sensor was installed in the 

Table 6 
ANOVA results for Yield, NUE, WUE for Corn in each year (*** significance at 0.001, ** significance at 0.01, * significance at 0.05,. significance at 0.1, ns not sig
nificant). LSD test between the treatments indicate significance at a 0.05 level and are denoted by the letters a through d. Treatments denoted with different letters (e. 
g., a and b) are significantly different from each other, while treatments denoted with ab are not significantly different from a or b.  

Corn 

Treatment 2020 2021 

Nrate Irrigation Yield (kgha-1) NUE (%) WUE (kg /ha/mm) Yield (kgha-1) NUE (%) WUE (kg /ha/mm) 

0 FI 4224.2  1.93 2731.1  9.59 
0 NI 3969.0  0.00 2195.6  0.00 
0 WI 4534.4  6.36 2368.8  4.55 
90 FI 9991.8 0.61 ba 4.82 8908.2 0.95 9.39 
90 NI 9355.5 0.66 ba 0.00 8383.7 1.14 0.00 
90 WI 9782.3 0.55 b 4.80 9090.9 1.30 18.56 
180 FI 13,190.6 0.65 ba -0.61 12,269.3 1.13 14.63 
180 NI 13,271.0 0.76 ba 0.00 11,016.6 0.74 0.00 
180 WI 13,647.4 0.82 a 4.24 13,335.0 1.22 49.43 
270 FI 14,216.0 0.81 ba 12.45 14,253.8 0.88 -2.82 
270 NI 12,571.7 0.71 ba 0.00 14,411.3 0.74 0.00 
270 WI 13,546.6 0.55 b 10.97 15,918.5 0.87 39.56 
ANOVA  ns * ns ns ns ns  

2020 2021 
Nrate  Yield NUE WUE Yield NUE WUE 
0  4242.5c 0 2.76 2431.8 d 0 4.71 
90  9709.8 b 0.60 3.20 8794.2c 1.13 9.31 
180  13,369.6 a 0.74 1.21 12,201.1 b 1.06 17.4 
270  13,444.7 a 0.69 7.80 15,082.7 a 0.83 16.21 
ANOVA  * ** ns . * ** . ns   

2020 2021  
Irrigation Yield NUE WUE Yield NUE WUE  
FI 10,405.6 0.52 4.64 9706.7 0.73 10.66  
NI 9791.7 0.53 0 9110.5 0.65 0  
WI 10,377.6 0.48 6.59 10,065.4 0.85 25.06 

ANOVA . ns  ns ns ns ns  

Table 7 
ANOVA results for Yield, NUE, WUE for Cotton in each year (*** significance at 0.001, ** significance at 0.01, * significance at 0.05, ns represents non-significance at 
0.05. LSD test between the treatments indicate significance at a 0.05 level and are denoted by the letters a through d. Treatments denoted with different letters (e.g., a 
and b) are significantly different from each other, while treatments denoted with ab are not significantly different from a or b.  

Cotton  

Treatment 2020 2021   

2020 2021     
Nrate  Yield NUE WUE Yield NUE WUE 
0  1134.7c 0 -0.60 1038.3c 0 -3.46 b 
45  1499.8 b 0.81 -0.50 1524.8 b 0.68 1.88 a 
90  1681.9 ba 0.64 -0.79 1860.2 a 0.73 0.17 ba 
135  1716.2 a 0.68 -1.53 2080.6 a 0.64 1.37 ba 
ANOVA  * ** ns ns * ** ns *   

2020 2021      
Irrigation Yield NUE WUE Yield NUE WUE  
WI 1485.6 ba 0.46 -1.31 1685.3 0.56 1.33  
FI 1416.6 b 0.5 -1.26 1558.3 0.45 -1.36  
NI 1622.4 a 0.64 0 1634.3 0.52 0 

ANOVA  * . ns ns ns ns  
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180 kg N ha-1 treatment which might have resulted in under-irrigation 
of 270 kg N ha-1 treatment. Water stress affects the availability of crop 
N due to the reduction in mineralization and root activity (Qi et al., 
2020; Shao et al., 2013). Lower NUE at 270 kg N ha-1 treatment under 
WI confirms this notion. Therefore, irrigation management is important 
at higher N rates to make use of increased N availability. 

Our results are consistent with previous research demonstrating that 
higher N application doesn’t necessarily correspond to higher N uptake. 
No significant difference in NUE was observed for N application rates in 
both years. Previous studies have observed a decrease in corn response 
to high N application rates, resulting in lower corn NUE (Ciampitti and 
Vyn, 2012; Salvagiotti et al., 2011). Additionally, in 2021, NUE was 
greater than 100% under WI and FI 90 kg N ha-1 and 180 kg N ha-1 

treatment. In this study, NUE was calculated using recovery efficiency 
and incorporated both applied and soil N. NUE above 100% could be due 
to the priming effects of soil. Priming effects are short term changes in 
soil organic matter due to interactions between living and organic 
matter (Kuzyakov, 2010; Kuzyakov et al., 2000). It should also be noted 
that NUE from research plots is often greater than production fields 
under same practices due to difference in scales of fertilizer and irriga
tion management practices (Cassman et al., 2002; Dobermann, 2007). 

Results in cotton in 2020 were notable due to the higher yields 
observed in the NI treatment relative to both irrigation treatments. For 
cotton, dry periods prompting irrigation occurred before the peak bloom 
(Table 5). Precipitation was frequent in the early growth stages (July) 
and was supplemented by one irrigation to maintain appropriate soil 

Fig. 4. Effect of N rate and Irrigation on Yield, NUE and WUE for Cotton.  
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moisture. Irrigation in July and subsequent rainfall in August may have 
also leached more N below the root zone in the irrigated treatments, 
resulting in lower yields. Additionally, in 2020, two major rainfall 
events due to tropical storms were observed in the following weeks 
(2020–08–03 to 2020–08–09 and 8–13–2020 to 8–16–2020). The 
growth stage between the first square and first flower is moderately 
sensitive to water stress, but higher moisture more than crop water 
demand may result in excess vegetative growth and impacts cotton yield 
(Chalise et al., 2022; Ermanis et al., 2021; Perry and Barnes, 2015). 
Additionally, cotton yields were potentially impacted due to higher 
rainfall in the flowering stage, which may lead to flowers and young 
bolls falling off (Cetin and Basbag, 2010). These results suggest the need 
for irrigation strategies in cotton that are specific to the growth stage of 
the plant and potential for nutrient leaching instead of soil moisture data 
alone. 

4.2. Challenges of weather informed irrigation and nutrient management 
in humid climates with sandy soils 

Sandy soils of the coastal regions adds another layer of complexity to 
irrigation scheduling due to lower PAWC and a higher risk of nutrient 
leaching. (Davis et al., 2003). Supplemental irrigation in humid areas 
controls a narrow range of depletion, where the water storage capacity 
in the soil must be identified more effectively to accommodate the 
possibility of rainfall. As experienced in this study, conditions of mois
ture stress and excess can be separated by as little as a week. WI irri
gation from this study provides an approach to maximize the soil storage 
reserve for rainfall after irrigation by leveraging weather forecast in
formation to improve WUE without impacting the yields. However, the 

effects of irrigation can be seen in a dry or a normal condition under 
humid climates. The study years were relatively wet years which may 
have impacted the results in this study. The WI under some N treatments 
didn’t perform better than NI and FI treatment. This has been observed 
in previous studies where irrigation decision using short term weather 
forecast did not account the longer outlooks beyond the weather forecast 
window and thus resulted in either excess or limited soil moisture 
conditions (Cai et al., 2011). Previous studies have incorporated 
weather forecast data into irrigation schedules and have proven that it 
can potentially reduce irrigation water through improved WUE (Cai 
et al., 2011; Gowing and Ejieji, 2001; Lorite et al., 2015; Wang and Cai, 
2009). However, in this field study it was observed that the accuracy of 
soil moisture storage to accommodate rain is highly influenced by the 
forecast accuracy of the QPF. In-accuracy and uncertainties in 
short-term forecasts to maintain appropriate soil moisture conditions 
remains a key challenge, as we focus on farmers as end-users of climate 
forecasting services in humid areas. 

One of the significant challenges in using WI irrigation is the reso
lution of the available forecast data. The NWS weather forecast infor
mation is available at a 2.5 km grid. The POP is calculated based on the 
likelihood that precipitation will occur and the expected areal extent of 
that precipitation. Convective rainfall in humid subtropical climates 
often results in high-intensity rainfall over very small spatial extents that 
are difficult to capture in observational data and gridded meteorological 
products (Schroeer et al., 2018). Farming decisions using POP for irri
gation could lead to the application of irrigation followed shortly by 
rainfall, or the delay of irrigation even when no rainfall ultimately oc
curs. For instance, the study area received little to no rainfall between 
July 10th 2020 to July 27th 2020. As the depletion increased, 

Fig. 5. Change in profits ($/acre) for corn and cotton under different Irrigation and N treatments as compared to NI treatment.  
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precipitation with POP of 0.43 was expected to bring 12.7 mm of rain 
according to the forecast on July 21st, 2020, and irrigation was post
poned. However, the study area didn’t receive any rainfall. As a result, 
irrigation as triggered on 23rd July 2020. On the other hand, July 30th, 
2020, we applied irrigation because the POP was 0.18; however, on the 
following day area received 6.35 mm of rainfall. One possible solution 
employed in recent studies includes various machine learning and deep 
learning techniques to improve the accuracy of the short-term weather 
forecast (Frnda et al., 2022; Rasp and Lerch, 2018). Additionally, studies 
have shown that use of longer time frame forecast may be helpful against 
seasonal droughts (Jamal et al., 2019). 

4.3. Practical implications of forecast data for irrigation management 

The use of forecast data poses a challenge regarding practical im
plications because of the accuracy of precipitation with lead time. Even 
at a well-equipped research station with efficient field management, 
incorporating weather forecasts is a challenge for implementation. At 
our study location field managers must prepare for irrigation (move 
irrigation pipes and enter application depths) the day before irrigating 
to ensure that an event could be initiated the following morning. 
Therefore research and recommendations particularly methods that 
prescribe frequent application of small irrigation depths or variable rate 
irrigation, must account for the wide range of labor required across 
different types of irrigation systems, and longer planning at the farm 
level to accommodate any misfunction of irrigating equipment and other 
field challenges. 

Additionally, studies using the forecasts for irrigation scheduling 
must account for intra-day changes in forecasted precipitation. This is 
especially challenging for farmers during peak growing seasons, as a 
delay of just one day could lead to detrimental depletion levels. More
over, the forecasted depth of precipitation was often underpredicted for 
high precipitation events resulting in over-irrigation, water logging, and 
surface runoff. For example, the weather forecast predicted 5.33 mm of 
rainfall on 48 h lead time, 7.36 mm on 24 h lead time, and 12.7 mm on 
the day of 6th August 2020. However, the study area received 41.9 mm 
of rainfall that day. Similarly, on 3rd August, 22.3 mm of precipitation 
was predicted 24 h in advance and increased to 25.4 mm on the day of 
the event, but the study area received 38.1 mm. Zhu and Pi (2014) also 
found significantly lower amounts of predicted heavy precipitation for 
3-day or extended forecasts. This creates a challenge in identifying the 
adequate water storage capacity of the soil for rainfall, which is essential 
for humid regions and sandy soils. 

Given potential inaccuracies in forecasted rainfall, growers using 
supplemental irrigation should be aware of the different impacts of 
excess or limited soil moisture throughout the growing season. For 
instance, many crops are less sensitive to water stress in early growth 
stages. Soil moisture depletion can be greater during early growth stages 
to avoid excess water and vertical nitrogen movement, but should be 
avoided during later growth stages when crops become more sensitive to 
water stress, even if rainfall is expected. In any case, precision fertil
ization strategies, such as split applications or fertigation, will be 
beneficial in reducing the risk and volume of nitrogen lost through 
leaching. 

Additional research efforts are needed to make weather-informed 
precision irrigation beneficial and practical for growers. Research in 
precision irrigation in humid climates should include weather forecasts 
to better understand the tradeoffs between yield and irrigation inputs. In 
particular, research that quantifies the impacts of over and under irri
gation on yields, profitability, and environmental impacts across 
different growing stages could support dynamic irrigation strategies that 
have a higher likelihood of maintaining optimal soil moisture levels in 
the face of imperfect weather forecasts. Future studies would focus on 
combining both short term and long term forecast in a field study. Cli
matic variations such as ENSO could be helpful to predict the frequency 
of tropical storms which could guide the longer outlook for irrigation. 

Additionally, the accuracy of weather forecast should be tested before 
the growing season and the correction factors could be developed at 
regional scales using machine learning techniques and regional climatic 
data. 

5. Conclusions 

Irrigation management is complicated in humid regions due to both 
moisture stress and excess conditions prevailing over a short period of 
time. Additionally, water stress is more prevalent due to lower water 
holding capacity of sandy soils which are more prone to N leaching 
under excess moisture conditions. This study quantified the impacts of 
using short term weather forecasts in two years of field trials for corn 
and cotton in humid climates under sandy soils. A split-plot experiment 
was used to assess yield, NUE, and WUE under three irrigation (no 
irrigation, weather informed and full irrigation) and four nitrogen 
treatments. Our weather-informed irrigation strategy was based on a 
novel approach that integrates probabilistic rainfall forecasts with soil 
moisture sensor data to avoid conditions of excess or depleted soil 
moisture. The yield varied significantly among N rates but not under 
irrigation treatments. NUE in corn was significantly different between 
WI irrigation at 180 and 270 kg N ha-1. For cotton, the results in each 
year varied due to the amount of precipitation and irrigation with 
respect to crop stage. Financial analysis suggest that yield benefits 
associated with forecast-informed irrigation outweigh fuel costs, even 
though relatively favorable rainfall conditions in our study years led to 
good NI yields. One challenge in successfully using forecast data for 
irrigation is the accuracy of predicted irrigation amounts. Additional 
irrigation research that incorporates forecast accuracy could lead to 
further benefits. It is suggested that precision irrigation studies 
providing irrigation scheduling advice schedule advise must account for 
the practical need for growers to manage irrigation along with wide 
range of competing demands for their time and attention. Nevertheless, 
our results suggest that forecast-informed irrigation can improve yields, 
NUE, and WUE in humid climates where variable rainfall conditions and 
sandy soils make irrigation scheduling a challenge. 
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