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Abstract 

Optical canopy sensing tools may improve corn (Zea mays L.) nitrogen (N) management, 

but little has been done to evaluate the utility of soil N content to improve sensor’s 

performance. We evaluated the utility of different canopy sensing tools alone or adjusted 

with soil N content to estimate corn grain yield and N requirements at various corn 

development stages. Six to seven N rates at 35 to 45 kg urea-N ha-1 increments were pre-

plant applied in 12 sites throughout Minnesota in 2014 and 2015.  Canopy sensing 

measurements with SPAD, GreenSeeker (GS) normalized difference vegetation index 

(NDVI) (GS-NDVI), RapidSCAN (RS) NDVI and normalized difference red edge 

(NDRE) (RS-NDVI and RS-NDRE) were obtained at V4, V8, V12 and R1 development 

stages, and soil (0-30 and 0-60 cm) ammonium-N (NH4
+-N) and nitrate-N (NO3

--N) 

concentration were measured at V4, V8 and V12 development stages. Grain yield was 

determined at harvest. The GS-NDVI and RS-NDVI were outperformed by the SPAD 

and RS-NDRE for predictions of grain yield and N requirements at all the sensing 

stages. Taking into account cost and labor for soil testing, adjusting canopy sensor 

measurements with V4 soil NO3
--N (0-30 cm) provided the best improvement in 

predictive power. Regardless of sensing tool, the lowest predictive power was obtained at 

V4 stage, likely because plants had no N deficiency symptoms developed at this early 

stage, since there was ample N supply relative to the small demands of the crop. This is 

unfortunate because by this period, farmers have more flexibility to manage sidedress N 

applications. Canopy sensing at V4 stage benefitted the most from the adjustment with 

soil NO3
--N. At V4, in quadratic-plateau grain yield response sites, N rate predictions 
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with RS-NDRE had RMSE of 75 kg N ha-1 compared with RMSE of 42 kg N ha-1 for RS-

NDRE measurements adjusted with V4 soil N. However, predictions with V4 soil N 

alone had RMSE of 41 kg N ha-1. This brings into question the utility of canopy sensing 

at early developments stages, unless these adjusted sensor readings could be used to 

apply variable N rates at a finer spatial resolution than it would be possible with grid-

point soil sample data alone. Conversely, at the V12 development stage, when the crop 

had become a better integrator of growing conditions up to that point, the predictive 

power of canopy sensors increased while adjustments with soil N were less useful. For 

canopy sensing without adjustments with soil N, RS-NDRE collected at V12 provided 

the most accurate estimations of N requirements (RMSE of 45 kg N ha-1 in quadratic 

plateau grain yield response sites) and adjusting those measurements with V4 soil NO3
--N 

decreased RMSE to 35 kg N ha-1.  However, delaying the application of the majority of 

the N rate to the V12 stage resulted in significant yield losses is some locations and years, 

as lack of N earlier in the growing season and droughty conditions later in the season 

hampered N incorporation into the root zone. Our study shows that coupling early-season 

canopy sensing with soil N measurements may potentially to improve in-season N 

management, but further investigation is warranted.  
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Chapter 1 

Ground-Based Optical Canopy Sensing Technologies for Corn-Nitrogen 

Management in Minnesota 
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1.1 Overview  

Optical canopy sensing tools may improve corn (Zea mays L.) nitrogen (N) management, 

but their usefulness under Minnesota cropping conditions remains unclear. We evaluated 

the utility of different canopy sensing tools to predict end-of-season corn grain yield and 

N uptake, and fertilizer N requirements at various crop-development stages. In 12 sites 

throughout Minnesota, six to seven N rates at 35 to 45 Kg urea-N ha-1 increments were 

pre-plant applied and a rate of 100 to 125 Kg N ha-1 split-applied 1/3 pre-plant (UAN) 

and 2/3 sidedress (urea+agrotain) at V2, V4, V6, V8, and V12 development stages.  

Canopy sensing measurements with SPAD, GreenSeeker normalized difference 

vegetation index (GS-NDVI), RapidSCAN NDVI and RapidSCAN normalized 

difference red edge (RS-NDVI and RS-NDRE), and above-ground plant N uptake were 

obtained at V4, V8, V12 and R1 stages. Grain yield was determined at harvest. Sensing at 

V4 stage resulted in low predictive power of grain yield, N uptake and N requirements 

regardless of the tool, likely because plants had no N deficiency symptoms at this early 

stage. SPAD meter was the most accurate at predicting grain yield at V4 (R2=0.85) and 

V8 (R2=0.85), while RS-NDRE was superior at V12 (R2=0.92) and R1 (R2=0.87). GS-

NDVI and RS-NDVI had inferior performance, likely because of NDVI saturation. 

Determining N requirements at V8 resulted in underestimations of the agronomic 

optimum N rates (AONR) by 33, 94, 102 and 46 Kg N ha-1 with the SPAD, GS-NDVI, 

RS-NDVI and RS-NDRE, respectively. RS-NDRE measurements collected at V12 

provided the most accurate estimations (R2=0.84, AONR=-2 Kg N ha-1, and relative 

critical value of 0.99), but delaying the application of the majority of the N rate to that 
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stage resulted in significant yield losses (p<0.05) in sites with near normal precipitation. 

Also, at a critical value of 0.95, the AONR was underestimated by 86 Kg N ha-1 with the 

RS-NDRE. 

Abbreviations: AIC, akaike information criterion; AONR, agronomic optimum nitrogen 

rate; CC, continuous corn; CM, chlorophyll meter; CSb, corn-soybeans rotation; dAONR, 

nitrogen rate differential from AONR; EONR, economic optimum nitrogen rate; GS, 

GreenSeeker; MRTN, maximum return to nitrogen; NDRE, normalized difference red-

edge; NDVI, normalized difference vegetation index; NIR, near infrared; NUE, nitrogen 

use efficiency; PP, pre-plant; RS, RapidSCAN; RSR, relative sensor reading; TIN, total 

inorganic nitrogen (NO3
--N plus NH4

+-N); UAN, urea ammonium nitrate; VRA, variable 

rate application. 
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1.2 Introduction 

While significant amounts of N are required for corn production, fertilizer N is subject to 

environmental losses by leaching, volatilization, denitrification or surface runoff. These 

losses can result in environmental degradation, yield reduction, and lower returns on 

investment. Further, these losses can be exacerbated by inadequate N management 

(Randall and Mulla, 2001). Raun and Johnson (1999) estimated worldwide nitrogen use 

efficiency (NUE) is low, with only 33% of the applied N recovered. This highlights the 

need to continue to find ways to improve fertilizer N management. 

In a review Shanahan et al., (2008) indicated that the three major causes for low 

NUE are related to 1) poor synchrony between soil N supply and crop uptake, 2) uniform 

applications rates of N fertilizer disregarding spatial variability between and within fields, 

and 3) neglecting temporal effects on N demand. In a survey by Bierman et al., (2012), 

only 9% of Minnesota farmers apply most of their N after planting, while most do it 

before corn planting: 59% in the spring and 32% in the fall. This can be problematic as 

applying N before planting often leads to lower N recoveries (Wuest and Cassman, 

1992). Further, it is well known that crop yield, soil N level, mineralization rate, and 

crop-N response can vary widely over short distances (Cahn et al., 1994; Schmidt et al., 

2002; Mamo et al., 2003). Because of variability issues some have suggested variable rate 

application (VRA) should be used to improve NUE (Khosla et al., 2002). Similarly, 

temporal variability can result in widely different corn-N response. In Minnesota, N rates 

are based on the maximum return to N (MRTN) approach (Sawyer et al., 2015). While 

this approach holds considerable appeal, the main shortcoming is that it does not account 
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for year-specific environmental conditions to adjust N rates. It is clear that tools to target 

in-season N applications could be important to improve N management.  

Canopy sensing technologies have been proposed as a tool to integrate spatial and 

temporal variability to guide sidedress N applications and improve NUE (Shanahan et al., 

2008). Plant greenness can be a good integrator of factors like N availability, climatic 

conditions, soil properties and crop management (Samborski et al., 2009). Greenness 

measurements can be taken on a high-density spatial scale allowing for spatial variability 

characterization to dictate variable N rates on the go (Scharf et al., 2006). Various indices 

can be computed from the reflectance measured by canopy sensors. The normalized 

difference vegetation index (NDVI) (Rouse et al., 1974) is the most widely used 

vegetative index and was primarily developed to quantify living biomass (Hatfield et al., 

2008). A drawback of NDVI is that unreliable measurements are often obtained when the 

canopy is fully developed as the index reaches saturation levels (Schepers, 2008). The 

normalized difference red edge (NDRE) (Barnes et al., 2000) index uses the red edge 

band, which is more sensitive to chlorophyll content and can be used after canopy is fully 

developed (Kanke et al., 2012). In corn grown in North Dakota  the NDRE was better 

than the NDVI for grain yield predictions (Sharma and Franzen, 2014; Sharma et al., 

2015). However, in winter wheat NDRE had increasing sensitivity with greater N rates 

and advancing crop development, but NDVI was more sensitive to differences in plant 

growth at earlier crop development (Kanke et al., 2012). Lastly, the chlorophyll meter 

(CM) is another sensor that has been widely used to determine plant N status (Peterson et 

al., 1993; Varvel et al., 1997; Varvel et al., 2007). Unlike the canopy sensors that 
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measure light reflectance “on the go”, the CM is time consuming as it requires manual 

measurements from individual leaves.   

Various sensor-based approaches have been developed to improve fertilizer N 

applications. Algorithms developed in Oklahoma determine N demand based on 

estimated yield potential, crop response to N fertilizer application, and spatial variability 

(Raun et al., 2005; Tubaña et al., 2008). Others have indicated that N requirements can be 

determined when yield potential can be accurately forecasted (Lukina et al., 2001); and 

when fertilizer recommendation exclude yield potential, less than 50% of variation in 

economic optimum N rate (EONR) is explained (Lory and Scharf, 2003). A major 

limitation of this approach is the uncertainty in estimating yield potential mid-season 

when it is not possible to predict the influence of future weather on the crop. Another 

sensor-based approach for sidedress N rate determination is to compare sensor readings 

to an adequately fertilized (sufficiency index) reference within the same field (Peterson et 

al., 1993) that triggers N application when readings are below a certain value. Several 

algorithms have been developed based on this approach (Scharf et al., 2006; Hawkins et 

al., 2007; Holland and Schepers, 2010). A shortcoming of this approach is that N 

fertilizer demand is influenced by crop yield level and N responsiveness while the 

sufficiency approach applies a fixed rate of N at a computed sufficiency level, regardless 

of yield potential (Raun et al., 2011). Despite differences in approaches, a common 

characteristic for all the algorithms is their regional specificity. If canopy sensing is to be 

used, the crop canopy should fit similar criteria to where the algorithm was developed 

(Hawkins et al., 2007). Development stage should also be considered for sensor-based 
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applications of N. While measurements at later development stages (after substantial N 

uptake) are often better correlated to final yield and plant N status, they result in lower 

potential for yield recovery (Hawkins et al., 2007). Studies showing the benefits of 

canopy sensing tools for N management are prevalent in states located in the Great Plains 

and southern parts of the US Midwest, but there is limited information about their 

effectiveness in Minnesota and other parts of the northern US Midwest. 

The objective of this study was to evaluate the utility of different canopy sensing 

tools at various crop-development stages to predict end-of-season corn grain yield and N 

uptake, and fertilizer N requirements. 

 

1.3 Materials and Methods 

1.3.1 Site Description 

The study was conducted during 2014 and 2015 in 12 sites across Minnesota. General 

properties for the top 15 cm of the soil are presented in Table 1.1 and additional site and 

agronomic information is presented in Table 1.2. All the sites were in a continuous corn 

cropping system (CC) except for Waseca 1 that was in a corn-soybeans rotation (CSb). 

Row spacing was 0.76 m in all sites except in Clara City 1, 2, where row spacing was 

0.56 m. The Clara City and Theilman sites were commercial farmer’s fields and the other 

sites were University of Minnesota Research and Outreach Centers. The three Becker 

sites were irrigated. We used the water-balance approach to determine the need for 

irrigation at the Becker sites (Steele et al., 2010). Weather information was retrieved from 
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the nearest weather station no more than 36 km from a given site (Minnesota Climatology 

Working Group, 2016). 

 

1.3.2 Treatments and Agronomic Practices 

Seven pre-plant N rates at 45 kg N ha-1 increments (0, 45, 90, 135, 180, 225, and 270 kg 

N ha-1) were applied as urea (46-0-0) (N-P-K) in all sites except Becker where an 

additional rate of 315 kg N ha-1 was added and in Theilman and Waseca 1, where the 

seven N rates were applied in 34 kg N ha-1 increments. Pre-plant applications were 

incorporated by field cultivation, irrigation, or precipitation within two days after 

application. Five split-applied treatments consisted of a rate of 135 kg N ha-1 (102 kg N 

ha-1 in Theilman and Waseca 1) applied 1/3 as a starter and 2/3 as sidedress at V2, V4, 

V6, V8 or V12 corn development stages (Abendroth et al., 2011). The starter application 

was urea ammonium nitrate (UAN) (28-0-0) dribbled on top of the crop-row within eight 

days of planting and the sidedress application was broadcast Agrotain (46-0-0) (urea with 

N-(n-butyl) thiophosphoric triamide (NBPT)), (Koch Fertilizer LLC, Wichita, KS). Each 

of the 12 treatments (13 at the Becker sites) were applied in plots that ranged in size 

between 3.04 and 4.56 m wide and 12.2 and 21.4 m long and replicated four times in a 

randomized complete block design. 

All sites had low starting total inorganic soil nitrogen (TIN) (NO3
--N+ NH4

+-N) 

concentrations that ranged between 3 and 11 mg kg-1 for the top 60 cm. Treatments in the 

2015 sites Becker 2, Waseca 3 and Clara City 2 were placed on the same plot-treatments 

used in 2014 sites Becker 1, Waseca 2 and Clara City 1, respectively. In these three sites, 
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spring 2015 pre-treatment soil samples collected in each plot indicated no residual N 

treatment effects from the previous year (TIN in all treatments was similar to the 

unfertilized check plot) and were treated as new sites in the data analysis. At the Becker 

sites, irrigation was applied 17 times in 2014 (267 mm) and 13 times in 2015 (197 mm). 

In the irrigation water, mean NO3
--N concentrations were below 10 mg L-1. The total 

amount of N applied through irrigation was less than 27 kg N ha-1. Because of the small 

amounts of N in the irrigation water, and the fact that NO3
--N concentrations <10 mg L-1 

can be considered background levels in many sites in Minnesota (Lamb et al., 2015), we 

did not make adjustments to our N rates. Nutrients other than N and agronomic practices 

were designed to maximize corn grain productivity. Primary tillage was conducted in the 

fall with a chisel plow and secondary tillage for seedbed preparation was done during the 

spring with a field cultivator. 

 

1.3.3 Measurements 

Stand counts were taken at the V4 development stage by counting the number of plants in 

12.2 m of row. We divided the plots between tissue-plant sampling areas, and optical 

canopy sensing and grain harvest areas. For six-row plots, tissue-plant samples were 

collected from rows 2 and 3, and optical canopy sensing and grain harvest were done on 

rows 4 and 5. In four-row plots, half the length of rows 2 and 3 was used for tissue-plant 

sampling and the other half was saved for optical canopy sensing and grain harvest.  

Whole plant samples were collected at the V4, V8, V12 and R1 development 

stages by cutting six representative plants at ground level. Plants were passed through a 
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chipper with 0.5 cm screen, dried at 60 °C and weighted. The dry samples were mixed 

thoroughly, and a portion of the sample was ground with a Thomas Wiley mill with a 2 

mm-sized screen. Total N of the ground-plant samples was measured by 

combustion analysis (Horneck and Miller, 1998) with a Carlo Erba 1500 Analyzer. 

Tissue N concentration, total plant dry biomass, and plant population were used to 

calculate plant N uptake (kg N ha-1). Grain harvest in the fall was done by combine in 

Lamberton 1, 2, and Waseca 1, 3, 4; and by hand in Becker 1, 2, 3, Clara City 1, 2, 

Theilman and Waseca 2. Grain moisture content was determined by measuring grain 

weight before and after drying at 50 °C.  Grain moisture was then adjusted to 155 g kg-1. 

Corn optical canopy sensing was performed using a SPAD-502 meter (Konic 

Minolta, Inc., Tokyo, Japan), GreenSeeker model 505 (Trimble Navigation Limited, 

Sunnyvale, CA), and RapidSCAN CS-45 (Holland Scientific Inc., Lincoln, NE) at V4, 

V8, V12 and R1 development stages. SPAD measurements, at 650 nm (red) and 940 nm 

(NIR), were collected in the harvest area of each plot from 30 representative plants from 

the upper most developed leaf (used to establish vegetative development stages) and the 

ear-leaf at R1 development stage. Each reading was taken halfway between the stalk and 

the leaf tip and midway between the midrib and the leaf margin (Peterson et al., 1993). 

The GreenSeeker – 505 (GS-505) uses light emitting diodes to generate 656 nm (red) and 

774 nm (NIR) light. The light generated is reflected off of the crop and measured by a 

photodiode located at the front of the sensor head that allowed us to calculate NDVI (GS-

NDVI). The GS-505 projects a light width of 0.61 m for sensing heights between 0.81 

and 1.22 m. Data from the sensor were captured on a HP iPAQ Pocket PC equipped with 
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NTech Capture software 2003. Reflectance data were collected at a sample output rate of 

100 Hz. The RapidSCAN (RS) uses a polychromatic modulated light source and three 

photodetector measurement channels that simultaneously measures crop/soil reflectance. 

NDVI and NDRE (RS-NDVI and RS-NDRE, respectively) were calculated based off 

670, 730 and 780 nm bands. Each active sensor was mounted on a pole and carried 

manually on top of each of the two harvest rows, from where an average index value was 

calculated.  Sensing was done at walking speed and sensor distance above the canopy 

was between 0.8 and 1.2 m. The active sensors were positioned on a perpendicular 

position to the canopy in the nadir position (0° angle). Sensing was performed between 

1,000 and 1,800 local time. Relative sensor readings (RSR) for each plot were calculated 

by dividing the reading in each plot by the mean reading of the highest N rate treatment 

at each site. We adopted this approach to reduce the influence of factors other than N 

fertilization and improve the model-fit, as has been done by others (Peterson et al., 2003; 

Hawkins et al., 2007; Barker and Sawyer, 2010). Relative indices for each sensor were 

marked by a prefix “r” (rSPAD, rGS-NDVI, rRS-NDVI, rRS-NDRE). We were not able 

to collect GS-NDVI data in Clara City 1 at the V4 stage; in Becker 1 at the V8 stage; and 

in Clara City 2, Lamberton 1 and Lamberton 2 at the V12 stage due to equipment mal-

functioning. 

 

1.3.4 Statistical Analysis and Calculations 

We classified grain yield response to N rate according to the type of regression model 

that presented the best goodness of fit for each site. Sites without a significant regression 
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equation were considered non-responsive sites, while responsive sites were those that 

either presented a significant quadratic-plateau model (maximized yields), determined 

with the nls procedure (Bates and Watts, 1988) or a linear response (yields not 

maximized), determined with the lm procedure of R software (R Core Team 2015).  

For sensor-based predictions of grain yield and N uptake, linear mixed models 

were computed with the R package lme4 (Bates et al., 2014) across the 12 sites. For N 

uptake predictions, the data was log-transformed to provide a greater goodness of fit with 

the exponential response of N uptake and senor readings, similarly to Freeman et al., 

(2007). For each development stage and sensor, all possible combination models were 

fitted with sensor reading as fixed effect and combinations of independent intercepts 

and/or slopes for sites and for blocks nested within sites as random effects. The simplest 

model was chosen based on the Akaike information criterion (AIC) values.  In order to 

define the best stage-sensor combination to predict grain yield and N uptake, we 

compared the AIC values, where lower numbers indicate better fit (Weisberg, 2014a). 

We also calculated the coefficients of determination (R2), given by the correlation 

between the observed and the fitted values (Weisberg, 2014b) for ease of comparison 

because it is the most commonly reported measure of goodness of fit in the literature. 

However, the AIC value was preferred when comparing the models, as it is more robust 

for mixed models (Nakagawa and Schielzeth, 2013). Unlike for sensor-based predictions 

of grain yield, for N uptake we were not able to directly compare predictive power across 

different development stages as AIC is scale-dependent, and direct comparisons require 

the same response values to build the models. In this case, when comparing goodness of 
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fit of models from different growth stages, R2 values and visual analysis guided the 

choice for the best models. 

For N deficiency detection analysis, we grouped the sites based on the different 

types of yield response to N rates. For the group of sites that maximized yields with the 

applied N rates (QPLoc), the agronomic optimum N rate (AONR) was determined using 

the R package nlme (Pinheiro, et al., 2004). For sites with linear grain yield response 

(LINLoc), AONR was the highest N rate applied. The N rate differential from AONR 

(dAONR) was then calculated, similarly to Hawkins et al., (2007). To determine the 

relationship between RSR and dAONR we fitted linear and quadratic-plateau models 

with the lme4 (Bates et al., 2014) and nlme (Pinheiro, et al., 2004) procedures. We 

wanted to see if sensor readings saturate around the same N rate that grain yields reach a 

plateau; and if readings correlate linearly to N rate in linear grain yield-response sites. 

The model with lowest AIC value was chosen as representative of the relationship, and 

when both models had the same AIC value, the Q-P model was selected. 

Economic optimum N rate (EONR) was calculated with a N-to-corn ratio of 

0.0056, reflecting a fertilizer to corn price ratio calculated from prices of $1.10 kg-1 

fertilizer N ($0.5 pound-1) and $196.84 Mg-1 of corn ($5 bushel-1). 

Differences in yield for the different split application timings were analyzed 

across sites using the ANOVA procedure in R and the Tukey HSD test at p <0.05 with 

the multcomp package (Hothorn et al., 2014). 
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1.4 Results and Discussion 

In Minnesota, most N loss occurs due to spring precipitation through June both in fine-

textured (Randall and Vetsch, 2005) and coarse-textured soils (Struffert et al., 2016).  In 

2014, April and especially June were wetter than normal, and May was drier than normal 

except for Becker 1 where May was also wetter than normal (Table 1.3). In 2015, 

opposite to 2014, April was drier than normal and May wetter than normal, while in June 

half of the sites were wetter and half drier than normal. The summer months (July 

through September) are important as corn grows into reproductive stages. In general, 

2014 had drier than normal conditions in July and in September except for Becker 1 and 

Lamberton 1, and August was wetter than normal except for the Waseca sites. In contrast, 

2015 received more uniform precipitation than 2014 and the period July to September 

was wetter than normal with exception of the Becker sites and Clara City 2 in September. 

For all the sites in 2014, April, May, and July were cooler than normal, warmer than 

normal in August, and generally near normal June and September (Table 1.3). In 2015, 

April, and especially September were warmer than normal, and May through August was 

near normal or cooler than normal. In Waseca 1 and 2 in 2014 frost (13-Sep) and hail 

(20-Sep) occurred during the R5 development stage. In Waseca 1, hail also damaged 

plants at the V4 development stage, but the crop fully recovered. Overall, the 2014 

growing season was less favorable for corn production, because of excessive precipitation 

in the spring (especially June) followed by a dry July with cool temperatures. Conversely, 

moisture supply (both precipitation amounts and distribution) were more favorable for 

corn production in 2015. 
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All sites had significant grain yield response to N rate except for Lamberton 2. 

We attribute the lack of response to N in Lamberton 2 to residual N levels of 11 mg kg-1 

at the top 60 cm.  The other sites were grouped according to the type of grain yield 

response to the applied N rates. In Becker 1, 2, 3, Waseca 2, 3, 4 and Clara City 1 grain 

yield response to N was linear (LINLoc group) and in Lamberton 1, Waseca 1, Theilman 

and Clara City 2 quadratic-plateau models provided the best fit (QPLoc group). For the 

QPLoc group, AONR and EONR were 206 and 182 kg N ha-1, respectively. This EONR 

is similar to that suggested in the University of Minnesota N fertilizer guideline for corn 

following corn without irrigation (175 kg N ha-1), considering the same ratio of fertilizer 

to corn grain price (Kaiser and Fernandez, 2016). In the LINLoc group, sites were either 

subject to a cumulative wetter than normal May through July period or had at least one 

month with precipitation substantially greater than normal (>100 mm) during those 

months (Table 1.3). The excess precipitation likely resulted in substantial N loss. Further, 

evidence for N loss is the fact that yield was not maximized at rates substantially greater 

than those suggested in the University of Minnesota N fertilizer guideline for CC 235 kg 

N ha-1 for irrigated sandy soils like Becker (Lamb et al., 2015). Waseca 1 (QPLoc) and 

Waseca 1 (LINLoc) were subject to the same precipitation levels, but rotation with 

soybeans at Waseca 1 likely decreased grain yield responsiveness to the N rates. Also, 

Clara City 2 (QPLoc) received precipitation 118 mm above the normal in May, but 

preplant N levels of 9 mg kg-1 at the top 60 cm likely reduced grain yield response to N 

application. 
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 Because precipitation has a large impact on N availability to the crop, we divided 

the sites according to precipitation regime to evaluate timing of N application for the 

split-application treatments. Sites with season-long (April to September) precipitation 

levels greater (>100 mm) than the 30-yr normal composed one group (Becker 1, 2, 3, 

Waseca 3, 4), while all the other sites (Clara City 1, 2, Lamberton 1, 2, Theilman, 

Waseca 1, 2) with near normal precipitation composed another group. For the sites with a 

precipitation regime near normal, only the V12 split-application treatment was 

statistically different from the highest yielding treatment (Table 1.4). At the sites with 

greater than normal precipitation, split-application treatments with 1/3 at pre-plant and 

2/3 at V4, V6, V8 or V12 yielded significantly greater than a single pre-plant rate or a 

split-applications at V2 (Table 1.4). This indicates that in situations where substantial N 

loss occurs early in the growing season due to excess precipitation, a later application 

may be advantageous to ensure greater N availability. For this reason, the University of 

Minnesota guidelines suggest split-applications of N in corn grown on irrigated sandy 

soils like the Becker sites (Lamb, et al., 2015).  

 

1.4.1 Grain Yield Predictions 

The NDVI measurement had the lowest predictive power for grain yield estimation 

regardless of the development stage or sensing tool (Table 1.5). Even though the different 

equipment sense at similar wavelengths for NDVI calculations, the GS-NDVI had lower 

predictive power than the RS-NDVI. This may be related to differences in how the two 

sensors work. The RapidSCAN simultaneously measures reflectance at both red and NIR 

bands while the GreenSeeker alternates measurement of the bands approximately every 
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0.1 sec (Schepers, 2008). The RS-NDRE and SPAD had similar predictive power among 

development stages. However, on a relative basis RS-NDRE measurements had the best 

AIC compared to SPAD later in development (V12 and R1) and SPAD had highest 

predictive power at earlier development stages (V4 and V8).  The best grain yield 

prediction was obtained at V12 with RS-NDRE (AIC of 677). 

Canopy sensing at the V4 development stage produced the lowest predictive 

power for grain yield regardless of the sensor used (Table 1.5). These results indicate that 

sensing technologies may have limited utility early in the season. This is unfortunate, 

because early in the growing season there is more flexibility to manage N and correct 

problems. Given the small size of corn plants at V4 and a sensor field of view of 

approximately 60 cm for both sensors, low predictability may be the result of a small 

ratio of plant material to soil background for NDVI and NDRE measurements. 

GreenSeeker algorithms need 50% of the 60-cm footprint covered by vegetation to 

provide useful NDVI measurements (Samborski et al., 2009). This constraint may be 

overcome by taking direct measurements on the leaf with the SPAD meter as evident by 

the best yield prediction (lowest AIC value) at V4 (Table 1.5). Another reason for the 

limited utility of early-season measurements is the fact that plants might have not 

developed N deficiency yet. This is because N uptake is small (<10%) (Abendroth et al., 

2011) and most, if not all, of that N can be supplied from mineralization of SOM or a 

small amount of residual N or N fertilizer present.  

Relative to NDRE, NDVI measurements had decreasing predictive power as the 

crop developed (Table 1.5). This is because the red band saturates at very small 
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concentrations of chlorophyll rendering NDVI measurements lower sensitivity to 

chlorophyll concentrations or to rate of photosynthesis when there is high vegetation 

coverage (Gitelson et al., 1996). This is unfortunate, because chlorophyll content is 

highly correlated to leaf N concentration, a sensitive indicator of plant N status (Wolfe et 

al., 1988). These results highlight that calculated NDVI may have limited utility in later 

vegetative development stages (past V8) when the crop has a full canopy. These results 

are in agreement with Torino et al., (2014) who compared different indices at V6, V8 and 

V10 stages and obtained greater correlation values to grain yield with red edge-based 

indices at later development stages. Relative to SPAD, NDVI measurements had 

decreasing predictive power as the crop developed (Table 1.5). For the R1 stage, the 

SPAD meter had superior yield predictive power than GS-NDVI and RS-NDVI. This 

follows findings by Kitchen et al. (2010) who indicated that for reproductive stages 

SPAD measurements taken at the ear leaf are more representative of plant N status and 

overall plant yield potential than NDVI measurements taken from above the tassel, likely 

because of index saturation for the NDVI calculation. Solari et al., 2008 explained that 

because N tends to concentrate in the ear leaf, sensors that are capable to measure those 

leaves are more likely to provide accurate predictions. However, in our study RS-NDRE 

was as effective as the SPAD meter to predict corn yield at the R1 stage.  

Across all sites, SPAD meter and RS-NDRE provided the most accurate 

estimations of grain yield at V12 (Table 1.5, Fig. 1.1). RS-NDRE at V12 not only 

produced a better fit than SPAD, but it also performed well for all sites, including Becker 

1 that was not as well correlated with the SPAD measurement (Fig. 1.1 c,d). The reason 
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V12 resulted in the most accurate estimates of grain yield is likely because at this stage 

the crop has integrated a substantial portion of the growing season conditions impacting 

vegetative growth and N uptake before the N sink shifts from vegetative to reproductive 

structures. However, applying N by V12 (or even R1, which also provided an accurate 

estimate of grain yield) could have limited utility, as insufficient N before this stage can 

result in reduced yield potential (Ritchie et al., 1986). According to Scharf et al., (2002), 

in the Midwest, N can be applied after V8 through V11 without a reduction in grain yield. 

At these later stages N applications would require specialized equipment because of the 

size of the crop. An additional consideration is that later in the season soil conditions tend 

to become dry and under dry conditions the applied N may not reach the roots for timely 

crop uptake. As we mentioned earlier, we observed that for years with precipitation near 

normal, significant grain yield reductions may occur if the majority of the N application 

is delayed until V12 (Table 1.4). For these reasons sensor-based N applications at V8 

could be a viable alternative as grain yield prediction AIC values were good (791 at V8 

vs. 771 at V12 for SPAD and 797 at V8 vs. 677 at V12 for RS-NDRE) (Table 1.5 and 

Fig. 1.1) and would allow more timely application with greater flexibility for fertilizer 

equipment while crop is still short.  

 

1.4.2 Nitrogen Uptake Prediction 

The SPAD meter had the best predictive power for V4 (AIC=161) and R1 (AIC=167) 

whereas RS-NDRE was best for the V8 and V12 development stages (Table 1.6). As with 

grain yield predictions (Table 1.5) RS-NDVI was a better predictor than GS-NDVI at all 
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development stages, but these NDVI measurements were generally less predictive than 

RS-NDRE and SPAD, especially after the V8 development stage. The highest predictive 

power was obtained with RS-NDRE at V12 (AIC=103) and the second highest with RS-

NDRE at V8 (Table 1.6). At these development stages SPAD also provided good 

predictive power. However, at V8 the model generated with the SPAD meter failed to 

include Lamberton 2 within the 95% confidence interval of the fitted line (Fig. 1.2a), 

whereas the model fitted with RS-NDRE contained most of the data points within the 

confidence interval (Fig. 1.2b). Similarly, sensing at V12, the RS-NDRE provided a 

better fit compared to the SPAD meter (Fig. 1.2 c,d).  

We also investigated the relationship of plant N concentration and sensor 

readings, but the goodness of fit was on average 40% lower than for N uptake estimations 

(data not shown). We hypothesize that when corn plants encounter a N-deficient 

environment, they tend to restrict plant growth in order to maintain adequate 

concentrations of N in the plant. Since canopy sensor meters can be used to predict crop 

biomass (Stone et al., 1996) and crop biomass is ultimately related to N uptake (Raun et 

al., 2005), differences in N uptake are easier to detect than differences in plant N 

concentration. In our study correlation values of N uptake to corn biomass ranged from 

0.70 to 0.95 across the different development stages and sensors. Correlation values of 

corn biomass and sensor readings across the growing season averaged 0.79, 0.68, 0.79 

and 0.83 for the SPAD, GS-NDVI, RS-NDVI and RS-NDRE, respectively. 



 

 21 

 

1.4.3 Nitrogen Requirements Determination 

At the QPLoc group (Lamberton 1, Waseca 1, Theilman and Clara City 2), none of the 

sensors provided significant quadratic-plateau relationships between RSR and dAONR at 

the V4 development stage, confirming as we explained earlier, the low utility of sensing 

plant greenness at this early stage of development (Table 1.7). At V8, all the sensors had 

significant quadratic-plateau relationships (P<0.01), but the join-points were negative 

dAONR values indicating underestimation of the N requirements (Table 1.8). The rGS-

NDVI and rRS-NDVI values reached a plateau at a N rate substantially lower than the 

AONR (-94 and -102 Kg N ha-1, respectively) indicating a failure to detect large yield-

reducing N deficiencies (Table 1.8). As discussed for grain yield prediction, this may be 

because NDVI is more sensitive to crop biomass than to leaf greenness (Gitelson et al., 

1996). At V8, the model generated with rSPAD reached a plateau at a N rate only 9 kg N 

ha-1 below the EONR, compared with underestimations of 70, 78 and 22 kg N ha-1 with 

rGS-NDVI, rRS-NDVI and rRS-NDRE, respectively (Table 1.8). The most promising 

results were obtained at V12 by the rRS-NDRE with a join-point slightly underestimating 

AONR by 2 kg N ha-1. These results are much closer to the AONR than for rSPAD and 

rRS-NDVI that overestimated and underestimated AONR by 34 and 58 kg N ha-1, 

respectively (Table 1.8). The rRS-NDRE values at V12 also provided the highest 

goodness of fit, with R2 of 0.84 compared with 0.39 and 0.76 obtained with rSPAD and 

rRS-NDVI, respectively (Fig. 1.3 and Table 1.8). However, it should be noted that 

regardless of sensing tool, some plots under severe N deficiency presented RSR values as 
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high as those obtained on plots that received excess rates of 63 kg N ha-1 (Fig. 1.3). This 

represents a challenge because reliance on those measurements to guide sensor-based 

applications of N could result in large misapplications of N fertilizer. At R1, only rSPAD 

and rRS-NDRE had significant QP regression models. Joint-point for rSPAD was 6 kg N 

ha-1 above AONR, compared with 45 kg N ha-1 with rRS-NDRE. Our findings indicate 

that different regression equations are necessary for the different development stages. Our 

results contrasts those of Varvel et al. 2007, who found that a single equation could 

represent the relationship between N rates and rSPAD at V8, V10 and V12 development 

stages.. 

Across the QPLoc group, the EONR was 24 kg N ha-1 lower than the AONR 

(dAONR=-24), but the RSR was similar (around 1.00) for both optimum N rate values 

(Fig. 1.3) (Table 1.8). RSR values close to 1.00 were also observed for all sensors and 

development stages regardless of how well (or poorly) they predicted N rate (Table 1.8). 

Our rSPAD values are similar to values observed by Hawkins et al., (2007) who found 

0.99 at V8 and R3, and 1.00 at V15 and R1, but are greater than 0.95 found by Petterson 

et al., (1993). This difference may be the result of how RSR were calculated. Peterson et 

al., (1993) normalized SPAD readings within replicates while Hawkins et al. (2007) did 

the calculation as in our study by averaging the readings of the highest N rate treatment in 

the entire study. We selected this approach because it generated join-point values closer 

to the AONR and improved model fit. RSR at the EONR ranged from 0.98 to 1.00 for 

GS-NDVI, RS-NDVI and RS-NDRE (Table 1.8). Using the standard 0.95 relative value 

to trigger N application (Peterson et al., 1993) would have substantially underestimated 
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the N requirements by all the sensors regardless of the development stage in our study. 

Underestimations would have ranged from 86 to 127 kg N ha-1 for rSPAD and would 

have been even larger for rGS-NDVI or rRS-NDVI (Table 1.8). These underestimations 

are considerably greater than 22 to 45 kg N ha-1 observed by Petterson et al., (1993), in 

Nebraska, and 30 kg N ha-1 by Hawkins et al., (2007) in Iowa, with rSPAD. 

The fact that RSR plateau at substantially lower N rates than N needed to 

optimize grain yield presents a limitation for the use of these technologies to manage N. 

In the worst case scenario, we observed at V8 similar rGS-NDVI values when the crop 

was deficient by 94 kg N ha-1 as when it had excess N (Fig. 1.3). These results indicate 

that a base recommendation of N be applied even when N deficiency is not detected. We 

speculate that underestimation of N requirements by all sensors at V8 may be the result 

of lack of N stress as N supply may be adequate at that development stage. As the season 

progresses, and crop-N demands increase (Abendroth et al., 2011) above the soil supply, 

N deficiency symptoms may become detectable. We observed that detecting N deficiency 

at V12 with rRS-NDRE or at R1 with rSPAD is more likely to provide accurate 

estimations of in-season N requirements. Yet sensor-based applications of N at those 

stages would require substantial amounts of N to correct slight N deficiencies. For 

example, to increase the RSR by 1% to reach the AONR, it would require application 

rates of 46 kg N ha-1 for rRS-NDRE. This demonstrates the low capacity of the sensor to 

distinguish between N sufficient and slightly N deficient plants. The approximate 

confidence intervals for the join-points were ±41 and ±66 kg N ha-1 with rRS-NDRE at 

V12 and with rSPAD at R1, respectively. These wide confidence intervals accommodate 
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join-points both at severe under- or over-estimation of N requirements. At this level of 

variability, we would need an approximate sample size of 4,974 (for the SPAD) and 

1,897 (for the RS-NDRE) to reduce the confidence intervals to ±10 kg N ha-1. Another 

limitation is that sensor-based applications of N at those late development stages may not 

result in complete yield recovery. As observed with crop response to N application, 

during years of near normal precipitation, significant grain yield reductions may be 

expected when the majority of the N rate is delayed until V12 (Table 1.4). According to 

Scharf et al., (2006), N applications after V10 are undesirable, because of increased 

application expenses and risk of not being able to drive application equipment throughout 

the field.  

If active canopy sensors are to be used to determine in-season N application rates, 

then the level of accuracy of the prediction model must be evaluated. When evaluating 

the best sensors/indices for the quadratic-plateau regression models we observed that 

between RSR of 0.65 and 0.95, the variability of prescribed N rates is relatively small and 

constant, especially for rRS-NDRE (Fig. 1.4). However, when relative sensor values are 

near the plateau (RSR at or above the 0.95), the prescribed N rates are highly variable 

(Fig. 1.4). When the rRS-NDRE value is 0.99 at V12 development stage, only 18 kg N 

ha-1 are prescribed, but the attained confidence interval includes prescriptions up to 108 

kg N ha-1. These results suggest that these active sensors may have limited ability to fine-

tune in-season N application rates. Similar issues have been documented by other studies 

with the SPAD meter (Scharf et al., 2006; Hawkins et al., 2007). Barker and Sawyer 

(2010) suggested that reasons for this poor performance by the sensors may be related to 
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reduced slope as dAONR approaches 0 kg N ha-1, and site variability of the relationship 

between sensor index and deficit N. In our study, low accuracy may also be related to a 

reduced sample size.  

At the LINLoc group (Becker 1, 2, 3, Waseca 2, 3, 4 and Clara City 1) a 

comparison of the AIC values for the quadratic-plateau and linear regression models 

showed evidence of index saturation (measurements reached a plateau) at the V4 

development stage with rSPAD meter and rGS-NDVI and at the V8 development stage 

with rGS-NDVI (Table 1.7). At the V8 development stage rSPAD reached a statistically 

significant plateau, but the join-point was beyond the highest N rate applied. Because 

grain yield did not reach a plateau in these sites, it could be expected that greenness 

levels would also increase linearly with N rate. The fact that sensors reached a plateau for 

early season measurements indicate that these tools are either not sensitive enough to 

accurately detect subtle differences in plant greenness or that the crop had adequate N 

supply to meet its demands at that development stage in the growing season. At V12 and 

R1 development stages the regression models for rGS-NDVI were not statistically 

significant (Table 1.7), highlighting as mentioned for yield and N uptake predictions that 

index saturation is an important limitation with this equipment. rRS-NDVI and rRS-

NDRE were linearly related to dAONR at all the sensed development stages, but R2 were 

low, ranging from 0.27 to 0.48, with the best goodness of fit observed at the V4 and V8 

development stages (Table 1.7). The best parameters of goodness of fit were obtained for 

sensing with the SPAD meter and the RS-NDRE at V12 and R1 development stages with 

R2 values ranging from 0.62 to 0.65 for the linear models.  
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At Lamberton 2, the non-responsive site, we expected that RSR would be 

unrelated to dAONR, as there was not a statistically significant slope for the regression of 

grain yield on the applied N rates. Nevertheless, we obtained significant relationships at 

V8 and V12 development stages with the rRS-NDVI and rRS-NDRE, and at V8 and R1 

development stages with rSPAD (Table 1.7). In general, the relationships were weak (R2 

<0.33), but rRS-NDRE at V12 development stage (P<0.001) had an R2 of 0.55. This 

indicates that sensor-based management would cause N to be over applied. 

 

1.5 Conclusion 

For estimations of grain yield, N uptake and dAONR, RS-NDRE and SPAD meter 

outperformed RS-NDVI and GS-NDVI. The inferior performance of RS-NDVI and GS-

NDVI was likely related to saturation of the red band with canopy closure. Considering 

that the SPAD meter is logistically restricted to small areas (highly labor intensive) and 

that RS-NDRE provided similar or superior performance, we suggest the use of RS-

NDRE sensor-index in future sensor-based nutrient management studies. Compared to 

the SPAD meter, RS-NDRE had superior performance at V12 and R1 stages for yield 

prediction, at V8 and V12 for N uptake prediction and at V12 for dAONR estimations. 

While it is desirable that estimations of N requirements be made early in the 

season to facilitate N application and reduce the risk of yield loss, we observed that 

canopy sensors had the poorest performance at V4 stage, likely because plants were not 

showing symptoms of N deficiency at that early development stage. The most accurate 

estimations of grain yield, N uptake and dAONR were obtained at V12 stage with the 
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RS-NDRE, but delaying the application of the majority of the N rates until that stage 

resulted in significant grain yield loss in sites with near-normal precipitation. The 

dAONR predictions at that stage with the RS-NDRE resulted in an underestimation of 

only 2 Kg N ha-1 and relative critical value of 0.99. Yet, readings were considerably 

variable resulting in large confidence intervals that contained both under and over N 

applications with slight N deficiencies. Using a typical 0.95 critical value resulted in 

AONR underestimated by 86 Kg N ha-1 with the RS-NDRE. Nitrogen fertilization that 

late in the season would increase application expenses as it requires specialized 

machinery. Sensing at V8 was a viable alternative for grain yield prediction as goodness 

of fit parameters were not much lower than at V12 (AIC of 791 at V8 vs. 771 at V12 for 

SPAD and 797 at V8 vs. 677 at V12 for RS-NDRE). Also, the most accurate predictions 

of grain yield with GS-NDVI were obtained at that stage. dAONR predictions at V8 

resulted in large underestimations of N requirements regardless of sensing tool, suggesting 

the application of a base N rate regardless of sensor reading. 

These results highlight the limitations of canopy sensing for corn N management, 

but conventional strategies for N fertilizer management, like MRTN and yield-goal also 

have limitations and may be even more inaccurate than the sensor-based approach. Long-

term experiments could be carried out to compare the economics of the different 

approaches. 
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Table 1.1 Soil classification and selected soil chemical and physical properties in the top 15 cm for the 12 locations of the study. 
Study Soil classification P† K† Ca† Mg† pH CEC SOM Sand Silt Clay 

  ________ mg kg-1 ________ Water cmolc kg-1 ___________ g kg-1 ___________ 

Becker 1, 2‡ Hubbard loamy sand (Sandy, mixed, frigid, Entic 

Hapludolls) 

26 95 615 113 6.1 4.3 16 72 6 22 

Clara City 1, 2‡ Bearden-Quam (Fine-silty, mixed, superactive, frigid 

Aeric Calciaquolls) 

48 531 7313 963 7.7 46.7 72 10 48 43 

Lamberton 1 Amiret loam (Fine-loamy, mixed, superactive, mesic 

Calcic Hapludolls) 

27 148 2089 381 5.5 14.1 40 29 31 40 

Waseca 1 Webster clay loam (Fine-loamy, mixed, superactive, 

mesic Typic Endoaquolls) with portions of Canisteo 

silty clay loam (Fine-loamy, mixed, superactive, 

calcareous, mesic Typic Endoaquolls 

24 215 5461 727 5.9 34.0 66 20 34 46 

Waseca 2, 3‡ Nicollet clay loam (Fine-loamy, mixed, superactive, 

mesic Aquic Hapludolls) and Webster clay loam 

(Fine-loamy, mixed, superactive, mesic Typic 

Endoaquolls) 

23 161 4571 746 5.6 29.6 67 19 35 46 

Theilman Fayette silt loam (Fine-silty, mixed, superactive, 

mesic Typic Hapludalfs). 

53 180 1924 435 6.8 13.9 31 1 69 30 

Becker 3 Hubbard loamy sand (Sandy, mixed, frigid, Entic 

Hapludolls) 

22 94 649 100 6.2 4.4 15 74 3 23 

Lamberton 2 Normania Loam (Fine-loamy, mixed, superactive, 

mesic Aquic Hapludolls) 

30 112 2375 385 5.1 16.3 47 35 25 40 

Waseca 4 Nicollet clay loam (Fine-loamy, mixed, superactive, 

mesic Aquic Hapludolls) - Webster clay loam (Fine-

loamy, mixed, superactive, mesic Typic 

Endoaquolls) 

26 212 4042 612 6.0 26.0 56 23 30 47 

† Phosphorus levels determined by Bray-P1 except in Clara City where the Olsen method was used. K, Ca, and Mg extracted with NH4Oac  

‡These studies were conducted in consecutive years and soil properties were measured at the beginning of the first year. 
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Table 1.2 Location and agronomic information including hybrid, plant population, and planting and harvesting date for the 12 

locations of the study. 

Study Year Coordinates County Hybrid Plant population† Planting Harvest 

 

 

 
 

 

plants ha-1   

Becker 1 2014 45˚23’32"N, 93˚52’57"W Sherburne Pioneer P9917AMX 78,400 14/05/2014 13/10/2014 

Clara City 1 2014 44˚58’14"N, 95˚22’25"W Chippewa DKC 44-13 RIB AR 80,700 30/05/2014 15/10/2014 

Lamberton 1 2014 44˚14’50"N, 95˚18’37"W Redwood Pioneer P9917AMX 82,000 29/05/2014 18/10/2014 

Waseca 1 2014 44˚03’40"N, 93˚31’26"W Waseca DeKalb 53-56 RIB 77,400 11/05/2014 21/10/2014 

Waseca 2 2014 44˚04’15"N, 93˚31’16"W Waseca DeKalb 53-56 RIB 81,100 23/05/2014 21/10/2014 

Theilman 2014 44˚16’46"N, 92˚12’2"W Wabasha Pioneer P9917AMX 81,900 22/05/2014 16/10/2014 

Becker 2 2015 45˚23’32"N, 93˚52’57"W Sherburne Pioneer P9917AMX 87,300 27/04/2015 13/10/2015 

Becker 3 2015 45˚23’31"N, 93˚52’57"W Sherburne Pioneer P9917AMX 86,000 27/04/2015 13/10/2015 

Clara City 2 2015 44˚58’14"N, 95˚22’25"W Chippewa Pioneer P9917AMX 78,500 30/04/2015 06/10/2015 

Lamberton 2 2015 44˚14’41"N, 95˚18’1"W Redwood Pioneer P9917AMX 80,800 21/05/2015 14/10/2015 

Waseca 3 2015 44˚04’15"N, 93˚31’16"W Waseca DeKalb 53-56 RIB 85,400 30/04/2015 12/10/2015 

Waseca 4 2015 44˚03’35"N, 93˚31’20"W Waseca DeKalb 53-56 RIB 77,600 05/05/2015 09/10/2015 

† Final plant population determined at V4 stage. 
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Table 1.3 Monthly and season-long (April – September) departures from normal (DN) 

(1984 – 2013) cumulative precipitation and mean air temperatures. 

Year Site Apr. May June July Aug. Sept. Season-long 

 
 

__________________________ DN Precipitation (mm) _________________________ 

2014 Becker 1 73 136 117 -33 11 18 321 

Clara City1 4 -42 122 -61 83 -30 76 

Lamberton 1 9 -44 77 -60 5 73 60 

Waseca 1 58 -28 205 -84 -30 -29 92 

Waseca 2 58 -28 205 -84 -30 -29 92 

Theilman 67 -21 84 -82 59 -40 67 

2015 Becker 2 -20 60 -12 100 54 -39 143 

Becker 3 -20 60 -12 100 54 -39 143 

Clara City 2 -46 118 -60 65 15 -61 31 

Lamberton 2 -46 49 17 6 24 6 56 

Waseca 3 -14 20 70 73 42 61 253 

Waseca 4 -14 20 70 73 42 61 253 

 
 

___________________________ DN Temperature (°C) ___________________________ 

2014 Becker 1 -2.4 -0.1 0.2 -1.6 0.5 0.5 -0.5 

Clara City1 -3.0 -1.1 -0.1 -1.6 0.2 0.2 -0.9 

Lamberton 1 -1.7 -0.8 -0.2 -1.8 0.5 0.4 -0.6 

Waseca 1 -1.9 -1.1 0.0 -2.0 0.8 -0.2 -0.7 

Waseca 2 -1.9 -1.1 0.0 -2.0 0.8 -0.2 -0.7 

Theilman -2.7 -0.8 1.0 -1.6 1.0 0.0 -0.5 

2015 Becker 2 1.5 -0.2 0.1 -0.4 -0.4 3.3 0.7 

Becker 3 1.5 -0.2 0.1 -0.4 -0.4 3.3 0.7 

Clara City 2 0.6 -1.1 -0.1 -0.2 -0.9 3.3 0.3 

Lamberton 2 1.4 -0.7 0.0 -0.5 -0.9 3.5 0.5 

Waseca 3 0.9 -0.3 -0.1 -0.7 -0.9 3.8 0.5 

Waseca 4 0.9 -0.3 -0.1 -0.7 -0.9 3.8 0.5 

Source: Minnesota Climatology Working Group 
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Table 1.4 Mean grain yield for different N application timings across Sites with different 

season-long (April to September) precipitation regimes.  

Treatment† Near Normal Precipitation‡ High Precipitation§ 

 Mg grain ha-1 Mg grain ha-1 

PP 9.0ab 5.7c 

V2 9.7a 8.2b 

V4 9.5a 8.3ab 

V6 9.3ab 9.2ab 

V8 9.3ab 9.4a 

V12 8.5b 9.3a 

† Single pre-plant rate (PP) or split-applications 1/3 at pre-plant and 2/3 at vegetative 

development stages (V2, V4, V6, V8, V12). 

‡ Sites with precipitation levels close to the 30-yr normal (Waseca 1, 2, Clara City 1, 2, 

Lamberton 1, 2, Theilman) 

§ Sites with precipitation levels substantially greater (>100 mm) than the 30-yr normal 

(Becker 1, 2, 3, Waseca 3, 4) 
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Table 1.5 Twelve site-year mean regression parameters of corn yield (y) and sensor 

readings (x) for various development stages and sensors and indices. 

Stage Sensor/Index† Regression model R2 AIC‡ P 

V4 

SPAD y = -1.626 + 0.293x 0.65 975 <0.001 

GS-NDVI§ y = 0.291 + 22.926x 0.57 1,033 <0.001 

RS-NDVI y = -0.703 + 29.810x 0.62 1,008 <0.001 

RS-NDRE y = -1.972 + 74.740x 0.63 1,007 <0.001 

V8 

SPAD y = -7.181 + 0.344x 0.85 791 <0.001 

GS-NDVI¶ y = -10.688 + 25.623x 0.75 902 <0.001 

RS-NDVI y = -11.200 + 26.637x 0.77 883 <0.001 

RS-NDRE y = -4.712 + 42.239x 0.83 797 <0.001 

V12 

SPAD y = -3.676 + 0.270x 0.85 771 <0.001 

GS-NDVI# y = -26.301 + 41.699x 0.61 1,022 0.026 

RS-NDVI y = -49.184 + 71.022x 0.83 824 <0.001 

RS-NDRE y = -9.500 + 53.573x 0.92 677 <0.001 

R1 

SPAD y = -4.319 + 0.288x 0.85 773 <0.001 

GS-NDVI y = -4.469 + 19.664x 0.68 1,002 0.063 

RS-NDVI y = -32.073 + 55.567x 0.79 923 0.001 

RS-NDRE y = -7.876 + 59.777x 0.87 767 <0.001 

† NDVI obtained from GreenSeeker (GS) or RapidSCAN (RS). 

‡ Akaike Information Criterion computed from Sites without missing data. Lower AIC 

values mean better fit. 

§ Data for ClaraCity1 were not collected. 

¶ Data for Becker1 were not collected.  

# Data for ClaraCity1, Lamberton1 and Lamberton2 were not collected. 
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Table 1.6 Twelve site-year mean regression parameters of nitrogen uptake (y) (kg N ha-1) 

and sensor readings (x) for various development stages and sensors and indices. 

Stage Sensor/Index† Regression R2 AIC‡ P 

V4 

SPAD y = e (-1.703 + 0.079x) 0.88 161 <0.001 

GS-NDVI§ y = e (-3.090 + 13.788x) 0.86 259 0.006 

RS-NDVI y = e (-1.707 + 9.106x) 0.88 205 0.005 

RS-NDRE y = e (-2.101 + 22.664x) 0.86 212 <0.001 

V8 

SPAD y = e (-0.143 + 0.081x) 0.90 178 <0.001 

GS-NDVI¶ y = e (-1.119 + 6.242x) 0.90 182 <0.001 

RS-NDVI y = e (-1.272 + 6.540x) 0.87 178 <0.001 

RS-NDRE y = e (0.295 + 10.343x) 0.88 151 <0.001 

V12 

SPAD y = e (1.895 + 0.054x) 0.77 161 <0.001 

GS-NDVI# y = e (-2.101 + 7.421x) 0.52 373 0.027 

RS-NDVI y = e (-6.291 + 13.112x) 0.79 194 <0.001 

RS-NDRE y = e (0.653 + 10.873x) 0.84 103 <0.001 

R1 

SPAD y = e (2.179 + 0.052x) 0.75 167 <0.001 

GS-NDVI y = e (1.899 + 3.706x) 0.65 316 0.076 

RS-NDVI y = e (-2.488 + 9.573x) 0.72 265 0.002 

RS-NDRE y = e (1.6001 + 10.4187x) 0.76 174 <0.001 

† NDVI obtained from GreenSeeker (GS) or RapidSCAN (RS). 

‡ Akaike Information Criterion computed from Sites without missing data. Lower AIC 

values mean better fit. AIC values are comparable only within growth stage. 

§ Data for Clara City1 were not collected. 

¶ Data for Becker 1 were not collected. 

# Data for Clara City 1, Lamberton 1 and Lamberton 2 were not collected. 
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Table 1.7 Akaike Information Criterion (lower values indicate better fit) for statistically 

significant (P<0.1) quadratic-plateau and linear regressions of relative sensor readings 

and nitrogen rate differential from AONR, across various development stages and groups 

of sites with different response relationship of grain yield to N rate. 

Sensor/Index† Stage QPLoc‡ LINLoc§ Non-responsive¶ 

Q-P Linear Q-P Linear Q-P Linear 

SPAD 

V4 ns ns -132 -132 ns ns 

V8 -278 -251 -382 -378 ns -102 

V12 -180 -179 ns -293 ns ns 

R1 -250 -232 ns -292 ns -102 

GS-NDVI 

V4 ns -187 -495 -382 ns ns 

V8 -417 -375 -368 -263 ns ns 

V12 ns ns ns ns ns 

 R1 ns -381 ns ns ns ns 

RS-NDVI 

V4 ns -171 -190 -193 ns ns 

V8 -423 -383 ns -309 ns -173 

V12 -616 -571 -554 -557 ns -198 

R1 ns ns ns -670 ns ns 

RS-NDRE 

V4 ns -188 -296 -317 ns ns 

V8 -324 -278 ns -248 ns -112 

V12 -373 -328 ns -416 ns -146 

R1 -272 -267 ns -404 ns -ns 

† NDVI obtained from GreenSeeker (GS) or RapidSCAN (RS).  

‡ Group of sites that had quadratic-plateau responses of grain yields to N rates 

(Lamberton 1, Waseca 1, Theilman and Clara City 2). GS-NDVI data for Lamberton 1 

were not collected at V12 stage. 

§ Group of sites where grain yields responded linearly to the applied N rates (Becker 1, 2, 

3, Waseca 2, 3, 4 and Clara City 1). GS-NDVI data were not collected in Clara City 1 at 

V4 and V12 stages, and in Becker 1 at V8.  

¶ Group of sites where grain yield was not responsive to applied N rates (Lamberton 2). 

GS-NDVI data were not collected at V12 
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Table 1.8 Statistically significant (P<0.05) quadratic-plateau regression parameters of relative canopy indices (y) and the nitrogen rate 

differential from AONR (dAONR) (x), at various development stages, for Sites that maximized grain yields with the applied N rates 

(Clara City 2, Lamberton 1, Waseca 1 and Theilman). 

Sensor/Index† Stage Coefficients‡ Joint-point from§ CI¶ dAONR at R2 RSR at 

    A B C AONR EONR  0.95 RSR#   Plateau AONR EONR 

SPAD 

V8 1.00 -0.00045 -0.000007 -33.00 -9.00 ±51 -127 0.70 1.01 1.01 1.01 

V12 1.00 0.00026 -0.000004 34.00 58.00 ±122 -86 0.39 1.01 1.00 0.99 

R1 1.00 0.00007 -0.000006 6.00 30.00 ±66 -91 0.69 1.00 1.00 1.00 

GS-NDVI V8 0.92 -0.00177 -0.000009 -94.00 -70.00 ±29 -166 0.68 1.00 1.00 1.00 

RS-NDVI 
V8 0.88 -0.00237 -0.000012 -102.00 -78.00 ±27 -166 0.66 1.00 1.00 1.00 

V12 0.99 -0.00034 -0.000003 -58.00 -34.00 ±30 -183 0.76 1.00 1.00 1.00 

RS-NDRE 

V8 0.97 -0.00089 -0.000010 -46.00 -22.00 ±33 -112 0.80 0.99 0.99 0.99 

V12 0.99 -0.00002 -0.000006 -2.00 22.00 ±41 -86 0.84 0.99 0.99 0.99 

R1 0.99 0.00032 -0.000004 45.00 69.00 ±87 -73 0.58 1.00 0.99 0.98 

† NDVI obtained from GreenSeeker (GS) or RapidSCAN (RS). 

‡ Coefficients for quadratic-plateau regression models. Total sample size of 112. 

§ Joint-point from nitrogen rate difference from AONR (dAONR=0) and EONR (dAONR=-24). 

¶ Approximate 95% confidence interval for the join-point. 

# Nitrogen rate differential from AONR at 0.95 relative sensor reading (RSR). 
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Figure 1.1 Fitted line and 95% confidence interval for the regression of corn yield in 

relation to a) SPAD measurements at V8 stage, b) RS-NDRE measurements at V8 stage, 

c) SPAD measurements at V12 stage, and d) RS-NDRE measurements at V12 stage.  

a) 

 

R2=0.85 

b) 

 

R2=0.83 

c) 

 

R2=0.85 

d) 

R2=0.92 
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Figure 1.2 Fitted line and 95% confidence interval for the regression of N uptake in 

relation to a) SPAD measurements at V8 stage, b) RS-NDRE measurements at V8 stage, 

c) SPAD measurements at V12 stage, and d) RS-NDRE measurements at V12 stage.  

a) 

 

R2=0.90 

b) 

 

R2=0.88 

c) 

 

R2=0.77 

d) 

 

R2=0.84 
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Figure 1.3 Relative sensor readings as related to the differential from the agronomic 

optimum N rate (dAONR) for the relative SPAD (rSPAD), relative RapidSCAN NDVI 

(rRS-NDVI), and relative RapidSCAN NDRE (rRS-NDRE) in Sites with a quadratic-

plateau response relationship (QPLoc) (Lamberton 1, Waseca 1, Theilman and Clara City 

2). Black dotted line indicates AONR (dAONR = 0 kg N ha-1) and blue dotted line 

indicates EONR (dAONR = -24 kg N ha-1). 



 

 39 

 
Figure 1.4 Sensor prescribed N rate variability (95% confidence interval) across varying 

relative SPAD (rSPAD) and relative RapidSCAN NDRE (rRS-NDRE) values at V8, V12 

and R1 development stages in QPLoc (Lamberton 1, Waseca 1, Theilman and Clara City 

2). 
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Chapter 2 

Corn Nitrogen Management with Active Canopy Sensing and Soil Nitrogen Content 

in Minnesota 
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2.1 Overview 

Active canopy sensing may improve corn (Zea mays L.) nitrogen (N) management, but 

little has been done to evaluate the utility of soil N content to improve sensor’s 

performance. The objective of this study is to compare the predictive power to estimate 

grain yield and determine in-season N requirements at various corn development stages 

by various canopy sensing tools alone or in combination with soil N concentrations. Six 

to seven N rates at 35 to 45 kg urea-N ha-1 increments were pre-plant applied in 12 sites 

throughout Minnesota in 2014 and 2015. Canopy sensing measurements were obtained at 

V4, V8, V12 and R1 development stages with SPAD, GreenSeeker (GS) normalized 

difference vegetation index (NDVI) (GS-NDVI), RapidSCAN (RS) NDVI and 

normalized difference red edge (NDRE) (RS-NDVI and RS-NDRE). Soil (0-30 and 0-60 

cm) NH4
+-N and NO3

--N concentrations were measured at V4, V8 and V12 development 

stages. Grain yield was determined at harvest. SPAD and RS-NDRE outperformed RS-

NDVI and GS-NDVI predictions of grain yield and N rate at all sensing stages. 

Regardless of sensing tool, the lowest predictive power of grain yield and N rate was 

obtained at V4 stage. Taking into account cost and labor for soil testing, adjusting canopy 

sensor measurements with soil NO3-N (0-30 cm) measured at the V4 development stage 

provided the best improvements in grain yield and N rate predictive power, and canopy 

sensing at the V4 development stage benefitted the most from those adjustments. This 

improvement is important because the low sensitivity of canopy sensors early in the 

growing season (V4), when farmers have the greatest flexibility to adjust N rates, has 

been one of the major stumbling blocks for adoption of canopy sensing tools. However, 
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these soil NO3
--N measurements alone had similar predictive power for N rate 

determination as when combined with sensor readings. For example, in quadratic-plateau 

grain yield response sites, N rate predictions with V4 soil N alone had RMSE of 41 kg N 

ha-1 compared with RMSE of 42 kg N ha-1 for RS-NDRE measurements adjusted with V4 

soil N. This calls into question the utility of canopy sensing early in the season unless 

these adjusted sensor readings could enhance our ability to apply variable N rates at a 

denser spatial resolution than it would be possible with grid-point soil sample data alone. 

Later in the season, at the V12 development stage, the predictive power for N rate 

determination of canopy sensors improved relative to earlier measurements (RS-NDRE at 

V12 for quadratic-plateau grain yield response sites had RMSE of 45 kg N ha-1), and 

adjustments for soil N decreased RMSE to 35 kg N ha-1. Unfortunately, improved N rate 

prediction with sensor readings later in the season may provide limited utility. By V12, 

insufficient N availability could have already resulted in lower yield potential and 

farmers would have limited options on how to apply N. Our study shows that early-

season canopy sensing coupled with soil N measurements may be a viable alternative to 

improve in-season N management and further investigation is warranted.  

Abbreviations: AIC, akaike information criterion; AONR, agronomic optimum nitrogen 

rate; CC, continuous corn; CSb, corn-soybeans rotation; dAONR, nitrogen rate 

differential from AONR; GS, GreenSeeker; MRTN, maximum return to nitrogen; NDRE, 

normalized difference red-edge; NDVI, normalized difference vegetation index; NIR, 

near infrared; NUE, nitrogen use efficiency; PP, pre-plant; PPNT, pre-plant soil nitrate 

test; PSNT, pre-sidedress nitrate test; RS, RapidSCAN; RSR, relative sensor reading; 

SOM, soil organic matter; TIN, total inorganic nitrogen (NH4
+-N plus NO3

--N); UAN, 

urea ammonium nitrate 
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2.2 Introduction 

Corn is often very responsive to N application and there is no yield penalty for applying 

more N than what the crop can uptake. This has traditionally encouraged growers to 

exceed crop needs to ensure maximum yields (Scharf, 2001). However, excess N rates 

and inadequate N management may result in environmental degradation (Randall and 

Mulla, 2001) and lower returns on investment. Over the last few decades, fluctuations in 

N fertilizer prices caused by various economic and market forces has transformed N 

fertilizer from an inexpensive input into a resource that may considerably reduce profit if 

over applied (Raun et al., 2002) Because of this and concerns over environmental 

degradation caused by N fertilizers, significant effort has been made to develop N 

management tools that improve nitrogen use efficiency (NUE). 

The preplant soil NO3
--N test (PPNT) is one of these tools and it has long been 

used successfully to guide N fertilizer application in sub-humid regions of the U.S. 

(Brown and Hergert, 1987). However, in humid regions of the U.S., where most corn is 

produced, soil NO3
--N can easily be lost, and fall and early spring NO3

--N tests are often 

poorly related to the soil N-supplying capacity (Magdoff, 1991). In Minnesota corn N 

guidelines suggest that soil NO3
--N tests only be conducted when there is a reason to 

expect appreciable levels of N in the soil (Kaiser et al., 2011). The pre-sidedress nitrate 

test (PSNT) was the first test to gain more acceptance in humid portions of the U.S. 

(Scharf, 2001). Because soil samples are collected in-season (typically around the V4 

development stage (Abendroth et al., 2011)), the test better represents the N status of N 

availability and potential supply for the crop (Scharf, 2001). This test is especially useful 
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in identifying the probability of obtaining an yield increase to sidedress N application 

when manure or other sources of organic fertilizers are applied (Magdoff, 1991). While 

the PSNT may be a useful tool under those particular conditions it also presents relevant 

constraints that prevent it from being broadly used. One of them is the low ability to 

predict the N requirements after the test identifies the potential for yield increases with 

supplemental N application (Bast et al. 2012; Scharf, 2015). In addition, the PSNT may 

have reduced performance when weather ahead of sampling promotes substantial NO3
--N 

leaching or N mineralization (Magdoff, 1991). There are also logistical constraints 

regarding the PSNT as soil sampling and analysis are slow and labor intensive (Scharf, 

2015).  

Plant-based tools have received increased attention in recent years considering the 

difficulties in using soil NO3
--N tests to manage corn N fertilizer (Raun et al., 2005; 

Scharf et al., 2006). The main advantage of plant-based approaches is that the crop serves 

as a good integrator of factors like weather conditions, crop management, and N 

availability preceding sensing time (Samborski et al., 2009). Sensors also integrate spatial 

and temporal variability when guiding sidedress N application, with consequent 

improvements in NUE (Shanahan et al., 2008). Canopy reflectance measurements 

obtained with sensors are used to compute vegetation indices, that can be applied to 

estimate grain yield and N requirements allowing for variable N rate applications “on the 

go” (Scharf et al., 2006). One of those indices is the normalized difference vegetation 

index (NDVI) (Rouse et al., 1974). While this is the most widely used vegetation index, 

measurements tend to be unreliable when the canopy is fully developed (Schepers, 2008). 
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Another index is the normalized difference red edge (NDRE) (Barnes et al.,2000), which 

is considered to be more sensitive to chlorophyll content and more reliable than NDVI 

after canopy closure (Kanke et al., 2012). A different type of sensor is the SPAD meter. 

Unlike the canopy sensors that measure light reflectance “on the go” from above the 

canopy, the SPAD meter is more labor intensive, requiring manual measurements of light 

transmittance from individual leaves. A major limitation of sensor technology is that 

better correlations to grain yield and N requirements are often obtained at later crop 

development stages (Torino et al., 2014), when there are fewer management options and 

less time for N application and lower potential for yield recovery (Hawkins et al., 2007). 

Nitrogen management tools should ideally provide accurate estimates of N requirements 

early enough in the season so there is sufficient time to perform N fertilization and for the 

nutrient to get incorporated into the root zone before rapid crop uptake begins. 

It might be possible to adjust sensor-based predictions of N requirements with soil 

and weather parameters to overcome some of those limitations for in-season N fertilizer 

applications. Bean et al. (2016) was able to improve a N application canopy sensor 

algorithm by accounting for precipitation evenness and soil parameters available at the 

USDA-NRCS Soil Survey Geographical database. Their study was conducted at the V9 

development stage when sensors tend to have better predictive power but management 

options to apply N may be limited. Soil measurements early in the growing season can be 

a valuable tool while canopy sensors tend to lack predictive power at that time. 

Integrating soil and canopy sensing measurements at early corn development stages may 

hold great potential to improve in-season N management beyond what is possible with 
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either measurement alone. Limited research efforts have been devoted to integrating these 

measurements early in the growing season to manage N. 

The objective of this study is to compare the predictive power to estimate grain 

yield and determine in-season N requirements at various corn development stages by 

various canopy sensing tools alone or in combination with soil N concentrations.  

2.3 Materials and Methods 

2.3.1 Site Description 

The study was conducted during 2014 and 2015 in 12 sites throughout Minnesota. 

Location of the studies and selected agronomic information are presented on Table 2.1. 

All the sites were in a continuous corn cropping system (CC) except for Waseca 1 that 

was in a corn-soybeans rotation (CSb). In Clara City 1, 2 row spacing was 0.56 m, and in 

all the other sites was 0.76 m. Only the three Becker sites were irrigated. We used the 

water-balance approach to determine the need for supplemental irrigation (Steele et al., 

2010). Details about soil classification chemical and physical properties and other general 

information about the sites are outlined in chapter 1. 

 

2.3.2 Treatments and Agronomic Practices 

Seven pre-plant N rates at 45 kg N ha-1 increments (0, 45, 90, 135, 180, 225, and 270 kg 

N ha-1) were applied as urea (46-0-0) (N-P-K) and incorporated by field cultivation, 

irrigation, or precipitation within two days after application in all sites. In the Becker 

sites, an additional rate of 315 kg N ha-1 was added and in Theilman and Waseca 1, the 

seven N rates were applied in 34 kg N ha-1 increments. The starter application was urea 
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ammonium nitrate (UAN) (28-0-0) dribbled on top of the crop-row within eight days of 

planting. Each of the 7 treatments (8 at the Becker sites) were applied in plots that ranged 

in size between 3.04 and 4.56m wide and 12.2 and 21.4 m long and replicated four times 

in a randomized complete block design. 

All sites had low starting total inorganic soil nitrogen (TIN) (NH4
+-N and NO3

--

N) concentrations that ranged between 3 and 11 mg kg-1 for the top 60 cm. Treatments in 

the 2015 sites Becker 2, Waseca 3 and Clara City 2 were placed on the same plot-

treatments used in 2014 sites Becker 1, Waseca 2 and Clara City 1, respectively. In these 

three sites, spring 2015 pre-treatment soil samples collected in each plot indicated no 

residual N treatment effects from the previous year (TIN in all treatments was similar to 

the unfertilized check plot) and were treated as new sites in the data analysis. Nutrients 

other than N and agronomic practices were designed to maximize corn grain productivity. 

Tillage was conducted in the fall with a chisel plow and during the spring for seedbed 

preparation with a field cultivator. 

 

2.3.3. Measurements 

Plant population was measured at the V4 development stage by counting the number of 

plants in 12.2 m of row. We divided the plots between soil sampling areas and optical 

canopy sensing and grain harvest areas. For six-row plots, soil samples were collected 

from rows 2 and 3, and optical canopy sensing and grain harvest were done on rows 4 

and 5. In four-row plots, half the length of rows 2 and 3 was used for soil sampling and 

the other half was saved for optical canopy sensing and grain harvest. Grain harvest in the 
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fall was done by combine in Lamberton 1, 2, and Waseca 1, 3, 4; and by hand in Becker 

1, 2, 3, Clara City 1, 2, Theilman and Waseca 2. Grain was oven-dried at 50 °C, and 

moisture content was adjusted to 155 g kg−1. 

Soil samples were collected at the V4, V8 and V12 development stages. A four-

core (2.2 cm diameter) composite soil sample was collected per plot with a manual soil 

probe at 0-30 and 30-60 cm depths, dried at 35°C to consistent weight, and ground 

through a 2 mm sieve.  Soil NH4
+-N was extracted with a 2M KCL extraction (Mulvaney, 

1996) and analyzed with a TL-2800 Ammonium N analyzer (Timberline Instruments, 

Boulder, CO) and  NO3
--N was extracted with a 0.01 M KCl extraction and analyzed by the 

cadmium reduction method (Gelderman and Beegle, 1998). 

Optical corn canopy sensing was performed using a SPAD-502 meter (Konic 

Minolta, Inc., Tokyo, Japan), GreenSeeker model 505 (Trimble Navigation Limited, 

Sunnyvale, CA), and RapidSCAN CS-45 (Holland Scientific Inc., Lincoln, NE) at V4, 

V8, V12 and R1 development stages. SPAD measurements, at 650 nm (red) and 940 nm 

(NIR), were collected in the harvest area of each plot from 30 representative plants from 

the upper most developed leaf (used to establish vegetative development stages) and the 

ear-leaf at R1 development stage. Each reading was taken halfway between the stalk and 

the leaf tip and midway between the midrib and the leaf margin (Peterson et al., 1993). 

The GreenSeeker – 505 (GS-505) uses light emitting diodes to generate 656 nm (red) and 

774 nm (NIR) light, which allowed us to calculate the NDVI (GS-NDVI). Data from the 

sensor were captured on a HP iPAQ Pocket PC equipped with NTech Capture software 

2003. Reflectance data were collected at a sample output rate of 100 Hz. The 
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RapidSCAN (RS) uses a polychromatic modulated light source to generate 670 nm (red), 

730 nm (red-edge) and 780 nm(NIR) light, that allowed calculation of NDVI and NDRE 

(RS-NDVI and RS-NDRE, respectively). More information about the sensors is given in 

chapter 1. Each active sensor was mounted on a pole and carried manually on top of each 

of the two harvest rows, from where an average index value was calculated.  Sensing was 

done at walking speed and sensor distance above the canopy was between 0.8 and 1.2 m. 

The active sensors were positioned on a perpendicular position to the canopy in the nadir 

position (0° angle). Sensing was performed between 1,000 and 1,800 local time. Relative 

sensor readings (RSR) for each plot were calculated by dividing the reading in each plot 

by the mean reading of the highest N rate treatment at each site. Relative indices for each 

sensor were marked by a prefix “r” (rSPAD, rGS-NDVI, rRS-NDVI, rRS-NDRE). We 

were not able to collect GS-NDVI data in Clara City 1 at the V4 stage; in Becker 1 at the 

V8 stage; and in Clara City 2, Lamberton 1 and Lamberton 2 at the V12 stage due to 

equipment mal-functioning. 

 

2.3.4 Statistical Analysis and Calculations 

We classified grain yield response to N rate at each site according to the type of 

regression model that presented the best goodness of fit. Responsive sites were those that 

either presented a significant quadratic-plateau (QP) model, determined with the nls 

procedure (Bates and Watts, 1988) or a linear response, determined with the lm 

procedure of R software (R Core Team 2015). For sites with linear grain yield response, 

AONR was the highest N rate applied, and for sites that maximized yields, AONR was 
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the N rate where the model reached a plateau. In-season N requirements were determined 

based on the N rate differential from AONR (dAONR), similarly to Hawkins et al., 

(2007).  

Initially, we evaluated the utility of soil N measured at the different development 

stages (V4, V8 and V12) to improve sensor’s ability to predict grain yield and dAONR 

employing stepwise regression analyses with the step procedure (Venables and Ripley, 

2002). The base model consisted of sensor readings and replication. The potential 

covariates were ln-transformed soil N measurements collected at V4, V8 and V12 

development stages, and soil organic matter (SOM) content measured at preplant. The 

analyses were conducted by individual site, sensing tool, sensing stage, soil N 

measurement [NO3
--N or TIN (NO3

--N+ NH4
+-N)] and soil sampling depth (0-30 or 0-60 

cm). Because prediction models having soil N measured only at V4 stage provided 

goodness of fit similar to the full models obtained with the stepwise regression model, 

further analysis considered only soil N measured at the V4 development stage. 

Linear mixed models with the R package lme4 (Bates et al., 2014) were fitted to 

compare the usefulness of the different V4 soil N measurements (NO3
--N or TIN) and 

sampling depths (0-30 or 0-60 cm) to improve sensor-based predictions of grain yield and 

dAONR. Data for the 12 sites were combined for analysis of grain yield prediction, while 

for predictions of dAONR, sites were grouped according to type of yield response to 

applied N rates. The group of sites that presented significant (QP) model for the 

relationship between grain yield and N rates (QPLoc), had AONR determined with the 

nlme procedure (Pinheiro, et al., 2004) while for the group of sites that presented linear 
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relationship (LINLoc), AONR was the highest N rate applied. For each combination of 

sensing tool, sensing stage, soil N measurement and sampling depth, all possible 

combinations of models were fitted, having sensor reading and ln-transformed soil N 

content as fixed effects and combinations of independent intercepts and/or slopes for site 

and for blocks nested within site as random effects. The simplest model was chosen 

based on the Akaike information criterion (AIC) values.  In order to define the best 

combination of soil N measurement and sampling depth to improve sensor’s predictive 

power, we compared the AIC values, where lower numbers indicate better fit (Weisberg, 

2014a). We also calculated the coefficients of determination (R2), given by the 

correlation between the observed and the fitted values (Weisberg, 2014b). However, the 

AIC value was preferred when comparing the models, as it is more robust for mixed 

models (Nakagawa and Schielzeth, 2013). 

 

2.4 Results and Discussion 

A more detailed description of site’s responses to N application and weather conditions 

can be found in chapter 1. Briefly, in Clara City 2, Lamberton 1, Waseca 1 and Theilman 

(QPLoc), a significant QP model was obtained for the relationship between corn grain 

yield and the applied N rates. The AONR for the QPLoc group was 206 kg N ha-1. For 

Becker 1, 2, 3, Clara City 1, and Waseca 2, 3, 4 a significant linear relationship was 

observed. For the LINLoc group, AONR was the highest N rate applied. Considering that 

optimum N rates for highly productive soils in Minnesota normally range from 135 to 

185 kg N ha-1 (Kaiser and Fernandez, 2016) and from 215 to 252 kg N ha-1 for irrigated 
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sandy soils like Becker (Lamb et al., 2015) we expected that the applied N rates would be 

sufficient to maximize grain yields at all sites. A wetter than normal May through July 

period or portions of that period likely favored substantial N losses and resulted in linear 

yield response to N in some sites. Lamberton 2 was not responsive to N rates. This lack 

of response to N may be a combination of low N loss potential early in the season (April 

was drier than normal), residual N levels of 11 mg kg-1 at the top 60 cm, and high 

mineralization rates of SOM throughout the growing season because of favorable 

temperature and uniform precipitation during most of the growing season.  

 

2.4.1 Sampling Stages for Soil Nitrogen Measurements 

Soil N content measured at V4 development stage was the covariate most often identified 

through the stepwise procedure to improve sensor-based predictions of grain yield and 

dAONR (Fig 2.1). Adjusting sensor measurements only for V4 soil N provided goodness 

of fit similar to adjusting for all the variables used in the stepwise regression analysis 

(soil N content at V4, V8 and V12, and SOM). With the full models (more complex), 

average R2 for predictions of grain yield and dAONR were only slightly greater 

compared to simpler models adjusted only for V4 soil N. With the full models the R2 was 

only 3% greater than the simpler models using V4 soil N (0.76 vs. 0.74) for grain yield 

predictions and only 5% greater (0.83 vs. 0.79) for dAONR predictions. The results were 

consistent across most of the sites, canopy sensing tools, and sensing stages. The fact that 

soil N at the V4 sampling time provided adequate predictive power is advantageous 

because it does not represent a change in practice for those that already collect PSNT 
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samples on a regular basis, and early predictions allow for greater flexibility and time to 

manage N in the field.  This finding may also indicate that quantifying soil N early in the 

season is most robust as late conditions are auto-correlated or highly influenced by early 

ones. Further, across sites, SOM was selected in only 7.4% of the regressions, indicating 

limited utility in our predictive power. While this could be an artifact of the sampling 

methodology (SOM collected by replication and not by individual plot), still our data 

showed no justification for additional complexity (more parameters in the model) as there 

was no substantial improvement in predictive power with such additions. Thus, we 

decided to conduct further analysis only for soil N measurements taken at the V4 

development stage. 

 

2.4.2Nitrogen Measurements and Sampling Depths 

Adjusting sensor-based predictions of grain yield and dAONR with V4 soil N (NO3
--N or 

TIN at 0-30 or 0-60 cm) provided a better fit (AIC and R2) than predictions with 

unadjusted sensor measurements (Table 2.2). Analyses for individual sensing tools at the 

different development stages showed similar results, and for that reason average values 

presented on Table 2.2 can be considered representative of all sensors and stages. 

Adjusted sensor-based predictive power improved similarly with the different 

combinations of soil N measurements (NO3
--N or TIN) and sampling depths (0-30 or 0-

60 cm), with slightly better AIC and R2 for adjustments obtained with TIN at 0-60 cm 

(Table 2.2). These findings are in agreement with Scharf, (2001) who found slightly 

greater predictive power when soil NO3
--N was measured at 60 cm compared to 30 cm. 
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For predictions of grain yield and dAONR in QPLoc and LINLoc, sensor plus soil NO3
--

N at 0-30 cm had AIC only 12, 12 and 17 units greater than sensor values obtained after 

adjustment with a 0-60 cm TIN (NO3
--N+ NH4

+-N) measurement, respectively (Table 

2.2). Likewise, R2 were very similar (within 0.04) (Table 2.2). Since NO3
--N is a less 

expensive analysis alternative than TIN ($5 vs. $13) and a shallow sample 0-30 cm vs. 0-

60 cm—less labor intensive, and considering comparable gains for adjusting sensor-

based predictions of grain yield and dAONR between these alternatives, we decided to 

conduct further analysis considering only soil NO3
--N collected at V4 from 0-30 cm 

depth, thereafter referred to as soil NO3
--N for simplicity. This approach on type of N 

measurement, sampling depth and timing were also recommended by Magdoff (1991) for 

the PSNT for corn.  

 

2.4.3 Model Comparison for Grain Yield and Nitrogen Requirement Prediction 

At the V4 development stage, estimating grain yield with soil NO3
--N alone was more 

accurate than estimating with sensor measurements alone, and was similar to estimating 

with sensor measurements adjusted for soil NO3
--N (Table 2.3 and Fig 2.2). Grain yield 

predictions with soil NO3
--N for example, had AIC of 850 and R2 of 0.78, compared with 

AIC values ranging from 941 to 986 and R2 from 0.59 and 0.67, for estimations with 

unadjusted sensor measurements (Table 2.3). Adjusting sensor measurements with soil 

NO3
--N, resulted in improved grain yield predictive power with AIC values ranging from 

848 to 850 and R2 from 0.78 to 0.80, similarly to predictions with soil NO3
--N alone (AIC 

of 850 and R2 of 0.78). Estimating dAONR in both QPLoc and LINLoc had similar 
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results to those of grain yield estimations. Predictions with unadjusted sensor 

measurements provided the lowest goodness of fit, and predictive power with adjusted 

sensor measurements was similar to predicting with soil NO3
--N alone (Table 2.3 and 

Fig. 2.3, 2.4). This improvement is important because the low sensitivity of canopy 

sensors early in the growing season, when there is greatest flexibility to adjust N rates has 

been one of the major stumbling blocks for adoption of canopy sensing tools. Predictions 

with soil NO3
--N were superior than with unadjusted sensor measurements likely because 

soil N indicates whether or not plants had access to sufficient amounts of N and because 

it may relate to N availability for future corn growth, as long as conditions for excessive 

leaching do not take place after sampling (Magdoff, 1991). Conversely, predictions with 

unadjusted sensor measurements had lower performance likely because canopy sensors 

rely on the expression of N deficiency symptoms at the time of sensing. At V4 stage, corn 

N demands are small, and N supply from mineralization of SOM or N fertilizer 

applications is likely sufficient to meet those early requirements. These findings are in 

agreement with Scharf, (2001) who found that plant N demand usually does not exceed 

the seed or soil supply until V6 development stage. As indicated by Abendroth et al., 

(2011), corn plants obtain less than 10% of the season-long total N requirement by the V6 

stage. Another reason for the lower performance with unadjusted sensor measurements at 

V4 stage may be related to the small ratio of plant material to soil background for NDVI 

and NDRE measurements. According to Samborski et al., (2009), GreenSeeker 

algorithms need 50% of the 60-cm footprint covered by vegetation to provide useful 

NDVI measurements. While this was beyond the scope of our study, the adjusted sensor 
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readings with soil N could enhance our ability to apply variable N rates at a denser spatial 

resolution than would be possible with grid-point soil sample data alone. This possibility 

should be further investigated.   

At V8 stage, unadjusted rSPAD and rRS-NDRE measurements were the most 

appropriate method for estimating grain yield (Table 2.3). Adjusting sensor readings with 

soil NO3
--N did not substantially improve goodness of fit, and predictions with soil NO3

--

N alone were less accurate than the unadjusted rSPAD and rRS-NDRE measurements 

(Table 2.3). While these results suggest using unadjusted rSPAD and rRS-NDRE to 

estimate grain yield, it should be noted that grain yield may not necessarily relate to 

variability in N requirements (Schmidt et al., 2007). Sensor-based predictions of dAONR, 

for instance, were improved with adjustments for soil NO3
--N regardless of sensing tool 

similarly to the results already discussed for the V4 development stage. In QPLoc, 

adjusted sensor measurements had dAONR predictive powers similar to those obtained 

with soil NO3
--N alone (Table 2.3 and Fig. 2.3). In LINLoc, adjusted rSPAD and rRS-

NDRE showed improved predictive power (AIC of 1451 and 1487, respectively) 

compared to predictions with soil NO3
--N alone (AIC of 1549) (Table 2.3 and Fig. 2.4). 

These results indicate a limited utility of canopy sensors to predict N requirements at V8, 

as there was substantial variability in N availability measurements that could not be 

captured by sensors alone. Adjusting sensor measurements with soil NO3
--N values holds 

promise to improve corn N management. A potential drawback is that soil N is typically 

highly variable within fields (Cahn et al., 1994). Soil sampling at a fine spatial scale 

similar to those in this experiment might be necessary for accurate characterization of the 
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soil N status. If a fine sampling scale is needed accusation of reliable soil N information 

could become economically unfeasible for commercial operations. 

Unadjusted canopy sensors had greater grain yield predictive power at the V12 

and R1 development stages compared to the V4 stage, which resulted in less 

improvements in goodness of fit by adjusting sensor measurements with soil NO3
--N 

(Table 2.3). Predictions of grain yield with unadjusted sensor measurements were the 

highest at V12 with rRS-NDRE, and adjusting those measurements with soil NO3
--N 

yielded similar predictive power (AIC 666 vs. 664 and R2 0.92 vs. 0.93) (Table 2.3). 

These results are in agreement with Torino et al., (2014) who compared different indices 

at the V6, V8, and V10 development stages and obtained greater correlation values to 

grain yield with red edge-based indices at later development stages. This lower 

improvement at later development is because the sensor is capable of capturing the 

cumulative effects of a substantial portion of the growing season conditions impacting 

grain yield and N requirements as integrated by the crop. Further, at V12, predictions of 

grain yield with unadjusted sensor measurements were more accurate than predictions 

with soil NO3
--N alone, except for sensing with the rGS-NDVI (Table 2.3). rRS-NDVI 

did not saturate at V12 stage like occurred with GS-NDVI. While the NDVI is known to 

saturate with canopy closure (Gitelson et al., 1996), RS-NDVI grain yield predictive 

power increased compared to measurements taken at V8. Differences in the electronics of 

the sensors may be the cause for their differential performances (Schepers, 2008). At R1 

unadjusted rGS-NDVI, rRS-NDVI and rRS-NDRE grain yield predictive power was 

lower than at V12, because tassels likely interfered with measurements (Solari et al., 
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2008). Estimating grain yield with rSPAD at R1 provided goodness of fit similar to 

obtained at V12 (AIC of 754 vs 753), as measurements were collected from the ear leaf, 

where N tends to concentrate after tasseling (Solari et al., 2008). 

At V12 and R1 stages, soil NO3
--N was more useful to improve predictions of 

dAONR than predictions of grain yield (Table 2.3).  Estimations of dAONR with 

unadjusted sensor measurements at V12, for instance, had goodness of fit lower than 

observed for predictions with soil NO3
--N alone, except for rRS-NDRE in QPLoc and for 

rSPAD and rRS-NDRE in LINLoc (Table 2.3). Adjusting measurements with soil NO3
--

N increased predictive power, with adjusted rRS-NDRE, yielding the most accurate 

estimations of dANOR in both QPLoc and LINLoc (Table 2.3 and Fig. 2.3, 2.4). At R1, 

unadjusted canopy measurements had predictive power lower than obtained with soil 

NO3
--N alone (Table 2.3) and adjusted values had goodness of fit similar to predictions 

with soil NO3
--N only, except for slightly higher improvements with rSPAD and rRS-

NDRE (Table 2.3). In LINLoc, adjusted sensor measurements tended to consistently 

overestimate dAONR (Fig. 2.4), whereas in QPLoc there was not a clear trend for over or 

underestimation of N requirements (Fig. 2.3). Altogether, these results indicate that even 

at later development stages, when sensors have superior performance, there is some 

potential for increasing predictive power with adjustments for soil N status. However, as 

mentioned before, soil N behavior is complex and dynamic (Scharf, 2001), and its 

characterization through sampling schemes as dense as the performed in this study may 

be impractical in commercial fields. Technologies for determination of soil N status “on 

the go” at high density spatial resolution are still mostly restricted to laboratory 
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experiments (Adsett et al., 1999) and while advancements are being made for field tools, 

their cost is prohibitive at this point (Rogovska and Laird, 2016). 

 

2.5 Conclusion 

Prediction of grain yield and N rate with RS-NDVI and GS-NDVI were outperformed by 

RS-NDRE and SPAD, regardless of sensing stage. The inferior performance of NDVI 

measurements was likely related to saturation of the red band with canopy closure. Since 

SPAD meter is labor intensive and RS-NDRE provided similar or superior performance, 

our study clearly shows that using RS-NDRE in the cropping systems of this this study is 

the best tool for sensor-based nutrient management. 

Soil N content can be used as a way to manage N applications or improve the 

predictive power of canopy sensing tools. While SOM and soil NH4
+-N and  NO3

--N 

content was measured at several development stages and different sampling depths, we 

observed that NO3
--N concentrations at the V4 development stage in the shallow 

sampling depth (0-30 cm) provided the best improvements in predictive power when 

taking into account timeliness and ease of sampling as well as analysis costs.  

Nitrogen management tools should accurately estimate N requirements early 

enough in the growing season to allow timely N applications and provide farmers with 

the greatest amount of flexibility to manage those fertilizer N applications. Canopy 

sensing at the V4 development stage resulted in the lowest predictive power for grain 

yield and N rates, regardless of sensing tool. These results highlight the low utility of 

canopy sensing at early development stages. Adjusting those measurements with soil 
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NO3
--N collected at V4 stage from 0-30 cm substantially improved predictive power of 

grain yield and N requirements, but were similar to estimations obtained with soil N 

measurements alone. While soil sampling at fine spatial-scales like those employed in 

this study may not be practical in commercial large-scale cropping systems, these results 

point out that canopy sensors alone cannot fully integrate soil N availability and that there 

is a potential utility for managing fertilizer N with soil N information. It is feasible to 

collect dense spatial resolution data with canopy sensors. If canopy sensors could be 

correctly adjusted with less densely-collected soil data, there could be important 

improvements made for in-season variable rate N applications. This was beyond the 

scope of our study, but it is a subject that deserves further investigation.    

The highest predictive power of N requirements with unadjusted sensor 

measurements was obtained at V12 stage with the RS-NDRE in both QPLoc (R2=0.68) 

and LINLoc (R2=0.74) because by then the crops had integrated a substantial portion of 

the growing conditions impacting N requirements. Likely for this reason, soil N data was 

not as useful at V12 as in earlier parts of the growing season to improve our predictive 

power of canopy sensors. While sensing technologies are better able to quantify N needs 

later in the season, this may provide limited utility because the lack of N earlier in the 

growing season can reduced yield potential and available options to add additional N may 

be limited at later development stages. 
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Table 2.1 Twelve experiments location, and field activities, including seed variety, plant population and planting and harvesting dates. 

Study Year Coordinates County Hybrid Plant population† Planting Harvest 

 

 

 
 

 

plants ha-1   

Becker 1 2014 45˚23’32"N, 93˚52’57"W Sherburne Pioneer P9917AMX 78,400 14/05/2014 13/10/2014 

Clara City 1 2014 44˚58’14"N, 95˚22’25"W Chippewa DKC 44-13 RIB AR 80,700 30/05/2014 15/10/2014 

Lamberton 1 2014 44˚14’50"N, 95˚18’37"W Redwood Pioneer P9917AMX 82,000 29/05/2014 18/10/2014 

Waseca 1 2014 44˚03’40"N, 93˚31’26"W Waseca DeKalb 53-56 RIB 77,400 11/05/2014 21/10/2014 

Waseca 2 2014 44˚04’15"N, 93˚31’16"W Waseca DeKalb 53-56 RIB 81,100 23/05/2014 21/10/2014 

Theilman 2014 44˚16’46"N, 92˚12’2"W Wabasha Pioneer P9917AMX 81,900 22/05/2014 16/10/2014 

Becker 2 2015 45˚23’32"N, 93˚52’57"W Sherburne Pioneer P9917AMX 87,300 27/04/2015 13/10/2015 

Becker 3 2015 45˚23’31"N, 93˚52’57"W Sherburne Pioneer P9917AMX 86,000 27/04/2015 13/10/2015 

Clara City 2 2015 44˚58’14"N, 95˚22’25"W Chippewa Pioneer P9917AMX 78,500 30/04/2015 06/10/2015 

Lamberton 2 2015 44˚14’41"N, 95˚18’1"W Redwood Pioneer P9917AMX 80,800 21/05/2015 14/10/2015 

Waseca 3 2015 44˚04’15"N, 93˚31’16"W Waseca DeKalb 53-56 RIB 85,400 30/04/2015 12/10/2015 

Waseca 4 2015 44˚03’35"N, 93˚31’20"W Waseca DeKalb 53-56 RIB 77,600 05/05/2015 09/10/2015 

† Final plant population determined at V4 development stage. 
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Table 2.2 Goodness of fit parameters for predictions of grain yield and N rate differential 

from the agronomic optimum N rate (dAONR)  averaged across 12 sites, sensing tools 

[(SPAD, GreenSeeker normalized difference vegetation index (GS-NDVI), RapidSCAN 

NDVI (RS-NDVI) and RapidSCAN normalized difference red-edge (RS-NDRE)], and 

different development stages (V4, V8, and V12) for relative sensor measurements or 

relative sensor measurements adjusted with soil N [NO3
--N or TIN (NO3

--N+ NH4
+-N)] 

collected at V4 development stage for 0-30 and 0-60 cm depths. 

Method Grain Yield dAONR 

   

QPLoc† LINLoc‡ 

 

AIC§ R2 AIC R2 AIC R2 

Sensor only 854 0.76 784 0.34 1586 0.43 

Sensor + 0-60 cm TIN 775 0.85 729 0.78 1510 0.73 

Sensor + 0-30 cm TIN 784 0.85 735 0.74 1518 0.71 

Sensor + 0-60 cm NO3
--N 790 0.85 731 0.79 1513 0.73 

Sensor + 0-30 cm NO3
--N 787 0.85 741 0.76 1517 0.71 

† Group of sites that had quadratic-plateau responses of grain yields on N rates 

(Lamberton 1, Waseca 1, Theilman and Clara City 2). GS-NDVI data for Lamberton 1 

were not collected at V12 stage. 

‡ Group of sites where grain yields responded linearly to the applied N rates (Becker 1, 2, 

3, Waseca 2, 3, 4 and Clara City 1). GS-NDVI data were not collected in Clara City 1 at 

V4 and V12 stages, and in Becker 1 at V8. 

§ Akaike Information Criterion computed from sites without missing data. Lower AIC 

values indicate better fit. 
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Table 2.3 Goodness of fit parameters for predictions of grain yield and N rate differential from the agronomic optimum N rate 

(dAONR) across the 12 sites based on relative sensor readings of SPAD (rSPAD), GreenSeeker normalized difference vegetation 

index (rGS-NDVI), RapidSCAN NDVI (rRS-NDVI) and RapidSCAN normalized difference red-edge (rRS-NDRE) at different 

development stages or relative sensor readings adjusted with soil NO3
--N collected at V4 development stage at 0-30 cm depths. 

Stage Method Sensor only Sensor + NO3
--N Sensor only Sensor + NO3

--N Sensor only Sensor + NO3
--N 

  
Grain Yield dAONR – QPLoc† dAONR – LINLoc‡ 

    AIC§ R2 AIC R2 AIC R2 AIC R2 AIC R2 AIC R2 

V4 rSPAD 941 0.67 848 0.78 805 0.07 750 0.72 1591 0.43 1520 0.69 

 

rGS-NDVI 986 0.59 856 0.80 809 0.12 753 0.74 1659 0.04 1550 0.63 

 

rRS-NDVI 961 0.63 848 0.80 809 0.15 751 0.72 1656 0.18 1548 0.64 

  rRS-NDRE 964 0.63 850 0.80 809 0.15 751 0.75 1655 0.18 1546 0.63 

V8 rSPAD 759 0.85 760 0.87 757 0.41 737 0.77 1565 0.61 1451 0.79 

 

rGS-NDVI 868 0.75 830 0.80 782 0.38 750 0.76 1580 0.53 1529 0.68 

 

rRS-NDVI 853 0.78 819 0.82 783 0.42 749 0.73 1574 0.42 1533 0.66 

  rRS-NDRE 771 0.83 774 0.85 763 0.56 745 0.77 1502 0.53 1487 0.70 

V12 rSPAD 754 0.85 731 0.90 773 0.33 731 0.84 1502 0.57 1474 0.74 

 

rGS-NDVI 978 0.61 850 0.78 810 0.05 750 0.69 1655 0.27 1544 0.68 

 

rRS-NDVI 817 0.84 783 0.86 758 0.56 740 0.78 1591 0.43 1529 0.68 

  rRS-NDRE 666 0.92 664 0.93 739 0.68 728 0.83 1497 0.74 1467 0.80 

R1 rSPAD 753 0.85 701 0.91 763 0.54 727 0.80 1592 0.55 1515 0.78 

 

rGS-NDVI 967 0.68 824 0.83 807 0.20 742 0.74 1670 0.33 1547 0.70 

 

rRS-NDVI 879 0.79 773 0.90 817 0.19 740 0.73 1620 0.43 1530 0.73 

  rRS-NDRE 743 0.88 682 0.92 759 0.55 714 0.78 1570 0.57 1499 0.77 

  
  

NO3
--N 

  
NO3

--N 
  

NO3
--N 

V4 Soil N  --- --- 850 0.78 --- --- 749 0.75 --- --- 1549 0.64 

† Group of sites that had quadratic-plateau responses of grain yields on N rates (Lamberton 1, Waseca 1, Theilman and Clara City 2). 

GS-NDVI data for Lamberton 1 was not collected at V12 stage. 

‡ Group of sites where grain yields responded linearly to the applied N rates (Becker 1, 2, 3, Waseca 2, 3, 4 and Clara City 1). GS-

NDVI data were not collected in Clara City 1 at V4 and V12 stages, and in Becker 1 at V8. 

§ Akaike Information Criterion computed from sites without missing data. Lower AIC values indicate better fit.
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12  

 
Figure 2.1 Percent of stepwise regression equations that identified the different sampling 

timings for soil N measurements [Nitrate (NO3
--N) or TIN (NO3

--N+ NH4
+-N)] as being 

significant to improve sensor-based predictions of N rate differential from the agronomic 

optimum N rate (dAONR) and grain yield. Percent values represent the average across 

the various combinations of different sites, relative sensor readings of SPAD (rSPAD), 

GreenSeeker normalized difference vegetation index (rGS-NDVI), RapidSCAN NDVI 

(rRS-NDVI) and RapidSCAN normalized difference red-edge (rRS-NDRE), sensing 

stages, soil N measurements (NO3
--N or TIN) and sampling depths (0-30 or 0-60 cm). 
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Figure 2.2 Observed grain yield in relationship with values predicted with V4 soil NO3

--

N collected at 30 cm depth (Soil N) or with relative RapidSCAN NDRE (rRS-NDRE) 

adjusted for V4 soil NO3
--N (0-30 cm) at different development stages. Solid lines 

indicate expected 1 to 1 relationship and dotted lines indicate fitted lines. Regression 

equation across the 12 sites. 

 

RMSE = 1.60 kg grain ha-1 

 

RMSE = 1.53 kg grain ha-1 

 

RMSE = 0.97 kg grain ha-1 

 

RMSE = 1.32 kg grain ha-1 

 

RMSE = 0.90 kg grain ha-1 
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Figure 2.3 Regression equation for quadratic-plateau response sites (QPLoc): Clara City 

2, Lamberton 1, Theilman, Waseca 1, and observed N rate differential from the 

agronomic optimum N rate (dAONR) in relationship with values predicted with V4 soil 

NO3
--N collected at 30 cm depth (Soil N) or with relative RapidSCAN NDRE (rRS-

NDRE) adjusted for V4 soil NO3
--N (0-30 cm) at different development stages. Solid 

lines indicate expected 1 to 1 relationship and dotted lines indicate fitted lines. 

 

RMSE = 41 Kg N ha-1 

 

RMSE = 39 Kg N ha-1 

 

RMSE = 35 Kg N ha-1 

 

RMSE = 38 Kg N ha-1 

 

RMSE = 42 Kg N ha-1 
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Figure 2.4 Regression equation for linear grain yield response sites (LINLoc): Becker 

1,2,3, Clara City 1, Waseca 2,3,4, and observed N rate differential from the agronomic 

optimum N rate (dAONR) in relationship with values predicted with V4 soil NO3
--N 

collected at 30 cm depth (Soil N) or with relative RapidSCAN NDRE (rRS-NDRE) 

adjusted for V4 soil NO3
--N (0-30 cm) at different development stages. Solid lines 

indicate expected 1 to 1 relationship and dotted lines indicate fitted lines. 

 

RMSE = 58 kg N ha-1 

 

RMSE = 59 kg N ha-1 

 

RMSE = 53 kg N ha-1 

 

RMSE = 44 kg N ha-1 

 

RMSE = 47 kg N ha-1 
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3.0 Conclusions 

This study found that the RS-NDRE sensor-index holds the greatest potential for 

sensor-based nutrient management programs. It predicts grain yield, N uptake and N 

requirements more accurately then GS-NDVI and RS-NDVI, and is not logistically 

restricted to small areas like the SPAD meter. However, at V4 stage, even RS-NDRE has 

poor performance, as plants are probably not showing symptoms of N deficiency yet and 

soil N supply likely surpasses early-development stage requirements of the crop. In fact, 

the low utility of sensors at early development stages has probably been the main 

deterrent for the adoption of this technology in commercial fields. A potential alternative 

identified in this study to improve corn N management at early development stages is to 

adjust sensor measurements with soil NO3
--N collected at V4 stage from 0-30 cm or to 

use soil N measurements alone, as both estimations resulted in similar predictive power. 

If it is necessary to characterize soil N content at fine spatial-scales like those used in this 

study, adjusting sensor measurements with soil N may not be economically feasible in 

large-scale commercial fields. If spatially dense canopy sensor data could be correctly 

adjusted with less densely-collected soil data to dictate N rates, then it might be possible 

to use the synergy created from using both soil testing and canopy sensing early in the 

season to improve in-season variable rate N applications. While this was beyond the 

scope of this study, this is an area of research that should be advanced.   At later 

development stages, crops have more time to integrate the influence of growing 

conditions impacting N requirements. Because of that, predicting grain yield and N 

requirements with canopy sensors measurements are improved and adjusting sensor 
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measurements with soil N is not as useful. While unadjusted sensor measurements 

provide more accurate estimations of N needs later in the season, this may have limited 

utility if there is no precipitation to incorporate late-applied N fertilizer into the root zone 

in a timely matter or if the farmer has equipment limitations (high clearance machinery) 

to conduct the application.  

One of the strengths of this study is that it was conducted over 12 site-years 

allowing us to investigate performance of the tools we used under varying weather and 

soil conditions. Because of these differences, for example, we were able to better 

understand that canopy sensing in sandy soils produces substantially different results to 

fine-textured soils, and sites that tend to be droughty later in the season may be more 

challenging to manage with late-season applications than others where moisture was not a 

limitation either because of adequate precipitation or irrigation capabilities.  Another 

strength of this work is the fact that we compared side by side different canopy sensors 

and relative values, which allowed us to quantify strengths and limitations for the 

different types of technology. 

The major limitation of this study is that it does not tell us how these tools 

compare to other N management strategies such as some of the commercial computer 

models available. While that was beyond the scope of this study, validation of this type of 

technology for use in commercial cropping systems should include a direct comparison of 

the different strategies for N recommendation currently available. Another important 

limitation of our study is that because we were using a common protocol across all sites, 

the sandy Sites were not managed with best management practices. We applied all the N 
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to generate crop response curves to N at pre-plant. While pre-plant applications 

performed well or relatively well in fine-textured soils, in the sandy soils substantial 

amounts of N were lost due to leaching. In sandy soils, it would be advisable to split-

apply N to minimize the potential for N loss early in the spring.  

In a future study it would be interesting to compare the N rates recommended by 

different N management strategies (yield-goal, farmer’s rate, MRTN, computer models) 

to the N rates recommended by the regression equations generated in this study. If 

canopy sensing is performed without adjustments for soil N, sidedress N applications 

could be done at V8 or V12, since those were the stages for which canopy sensing 

showed the greatest tradeoff between N rate predictive power and risks of reducing yields 

with delayed application timing. A full N response curve would be necessary for both 

sidedress timings in order to determine the optimum N rate for each situation. This would 

allow us to determine what N management strategy approaches more frequently the 

observed optimum rate. It would also be relevant to conduct economic analysis to 

determine the profitability of each approach. 

Another interesting future study would be to determine the minimum spatial-scale 

for soil N characterization that would be necessary to adjust sensor-based predictions of 

N requirements. In our study we used plot average values for soil, grain yield, and sensor 

measurements. It would be useful in a future study to adjust the spatially dense sensor 

measurements (without averaging across an area) with less spatially dense soil N data 

collected through traditional soil sampling approaches, such as the PSNT, and determine 

if it is possible to improve variable N rate applications. Another exciting opportunity to 
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manage N applications, thought the technology is not currently fully available, but I 

suspect it will become affordable and commercially available in the near future, is the use 

of on-the-go soil N measurements. It would be interesting to determine whether spatially 

dense soil data by itself or coupled with spatially dense canopy sensing data would allow 

us to improve N management. 
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