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PREDICTING IN-SEASON NITROGEN UPTAKE –
MOTIVATION AND CHALLENGES
• A strategy used by producers to reduce the likelihood of
nitrogen (N) loss is to delay the N fertilizer application by
applying at least part of the crop N requirement after
emergence.
• The economic optimum N rate (EONR) in corn typically varies
temporally (i.e, from year to year) and spatially (Mamo et al.,
2003; Scharf et al., 2006), so there is also interest in applying N
fertilizer at a variable rate.
• The challenge of this strategy is to objectively determine the
most appropriate N fertilizer rates at early growth stages so
optimum economic efficiency is achieved.
• Spectral remote sensing (e.g., aerial imagery, active canopy
sensors, etc.) is a promising tool for quantifying in-season N
uptake, largely because it is well-suited to capture near realtime information about crop growth and its’ capability to assess
spatial variability.
• There are many remote sensing tools available to producers for
predicting N uptake, each with unique characteristics and
specifications that must be considered when processing and
analyzing reflectance data.

GRAIN YIELD AND ECONOMIC ANALYSIS

• Preplant N was broadcast applied as urea and incorporated
prior to planting.

• Maximum yield was achieved at 225 lbs N ac-1 in 2015
and 180 lbs N in 2016 (Fig. 3).

• Sidedress N was broadcast applied as urea plus NBPT (urease
inhibitor) and was not incorporated.

• Timing of N application did not affect grain yield.
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a Department

of Soil, Water, and Climate
b Department of Bioproducts and Biosystems Engineering
*nigo0024@umn.edu

Results

FERTILIZER APPLICATION

• The V5 and V10 sidedress treatments received 45 lbs N ac-1 at
planting (this is included in the total N applied in Table 1)..
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• Although grain yield was not significantly affected by N
timing, trends suggest that delayed N timing may
reduce the EONR and increase MRTN (Fig. 4); this
trend was especially apparent when the application of
in-season N was delayed until V10.

• At the V5, V10, and R2 growth stages, soil and tissue N content
were measured.
• The Crop Circle ACS-430 active canopy sensor (Holland
Scientific; Lincoln, NE) was used to collect ground-based
reflectance.
• Total N uptake and grain yield were measured at physiological
maturity.
• In 2015, passive multispectral aerial imagery was captured at
each sampling date via drone with the Tetracam MCA-6
(Tetracam, Inc.; Chatsworth, CA, USA) at 400’ altitude (~2.4”
ground sampling distance).
• The Tetracam imager has six narrowbands (~10 nm FWHM) in
the blue, green, red, red-edge, and near-infrared (x2) regions.

Objectives
Evaluate the ability of different remote
sensing tools (i.e., Crop Circle and aerial
multispectral imaging) to predict:
1. in-season crop N uptake.

• In 2016, passive multispectral aerial imagery was captured at
each sampling date via drone with the GEMS multispectral
camera (Sentek Systems, Inc.; Eden Prairie, MN, USA) at 400’
altitude (~1.7” ground sampling distance).

Figure 4: Quadratic plateau models that were fit to gross return to nitrogen and
used to calculate economic optimum nitrogen rate (EONR) and maximum return
to nitrogen (MRTN). Models were fit separately for 2015 (left) and 2016 (right), as
well as for preplant N (top), V5 N (middle), and V10 N (bottom).

• The GEMS imager has four broadbands (~100 nm FWHM) in
the blue, green, red, and near-infrared regions.
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2. in-season estimates of the economic
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2015

Passive

Active

2016

Passive

Figure 3: Corn grain yields in 2015 and 2016 for various
nitrogen fertilizer rates and timings.

Experimental Design

SPECTRAL SENSING
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Figure 2: Masked GNDVI values overlaid on an RGB aerial image
captured with Sentek GEMS sensor on 28 June 2016.
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• Experiments were conducted near Waseca, MN in 2015 and
2016.
• A split plot randomized complete block design was
implemented; N fertilizer timing was the main plot and N
fertilizer rate was the split plot (Table 1; Fig. 1).

AERIAL IMAGE PROCESSING
• Raw Tetracam imagery was preprocessed to correct for the
effects of vignetting and radial distortion according to the
methods of Nigon et al. (2016); digital values from imagery were
then converted to relative reflectance via the empirical line
method using image data and the known reflectance properties
of a teflon calibration plate.
• GEMS imagery was preprocessed and georeferenced by Sentek
Systems, Inc.
• For each set of imagery, pure vegetation pixels were segmented
from pure soil and mixed pixels by applying a mask based on Green
Normalized Difference Vegetation Index (GNDVI) values (Fig. 2).
• Mean pixel values were then calculated from all pure vegetation
pixels within each plot; NDRE was used in 2015 and GNDVI was
used in 2016 due to lack of a red-edge band.
__________________________________________________________________________________________________________

STATISTICAL ANALYSIS
• Analysis of variance and means separation were performed
using the PROC GLIMMIX procedure of SAS.
• The Economic Optimum N Rate (EONR) and Maximum Return
to N (MRTN) were calculated based on a quadratic plateau
model that was built using the ‘easynls’ package of R (v. 3.4.2).
• Ordinary least squares linear regression was implemented using
the scikit-learn Python package (v. 0.19.1) to build prediction
models for N uptake (V5 and V10 growth stages) and for N
concentration (R2 growth stage).
• 80% of samples were randomly placed in a training dataset to
train the linear model, and the remaining 20% were used to
perform cross-validation for evaluating the model fit.
Figure 1: Aerial image of nitrogen rate/timing experimental plots in
Waseca, MN on 8 July 2016.
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• The ability of remote sensing to predict N uptake
and/or concentration improved as the growth stage
progressed (as suggested by improved R2 and root
mean squared error (RMSE) values; Fig. 5).

Table 1: Application timing, rate, and treatment numbers; note that V5
and V10 sidedress treatments received 45 lbs N ac-1 at planting, so the
sidedress rate was 45 lbs ac-1 less than total N applied.
Total N applied
(lbs ac-1)

R2: 0.07
RMSE: 5.76

• The R2 and root mean squared error (RMSE) were calculated by
fitting the linear model to the test dataset to derive predictions of
N uptake and concentration.

• Comparing prediction error between active and
passive remote sensing, results varied by year and
growth stage.
• At V5: neither method performed particularly
well, but active sensing performed slightly
better.
• At V10: active sensing performance was
consistent across years whereas passive
sensing was not; in 2015, passive sensing
performed worse than active sensing, but in
2016, passive sensing performed better.
• At R2: both active and passive sensing
performed well and results were consistent
across years.

Figure 5: Scatterplots with linear best-fit lines illustrating the relationship
between nitrogen uptake (concentration at the R2 stage) and spectral
sensing values for V5 (top), V10 (middle), and R2 (bottom) growth stages.
The R2 and RMSE values were calculated using test datasets during a
cross-validation procedure.

Conclusions
• Until there is an economic value placed on pollution caused by N
fertilizer loss, it is difficult to justify the practices of both in-season
and variable rate N application.
• Delayed timing of in-season N may reduce EONR and increase
MRTN; however, the EONR can be difficult to predict on or before
the V5 or V10 growth stages with remote sensing alone.
• It is unclear whether active or passive remote sensing performed
better for predicting N uptake; active sensing was more consistent
across years, however.
• Improper “color calibration” (i.e., radiometric calibration) and
misalignment of spectral bands likely contributed to the poor
ability of passive remote sensing to predict N uptake in 2015.
• All sensors are not created equal: if using aerial remote sensing, the
user must understand the processing steps necessary to achieve
quantifiable and accurate data.
• Users should demand that sensor manufacturers offer calibration
services.
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