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Abstract: Minimum NNI (Nitrogen Nutrition Index) values have been developed for each key
growing stage of wheat (Triticum aestivum) to achieve high grain yields and grain protein content
(GPC). However, the determination of NNI is time-consuming. This study aimed to (i) determine if
the NNI can be predicted using the proximal sensing tools RapidScan CS-45 (NDVI (Normalized
Difference Vegetation Index) and NDRE (Normalized Difference Red Edge)) and Yara N-Tester™
and if a single model for several growing stages could be used to predict the NNI (or if growing
stage-specific models would be necessary); (ii) to determine if yield and GPC can be predicted using
both tools; and (iii) to determine if the predictions are improved using normalized values rather
than absolute values. Field trials were established for three consecutive growing seasons where
different N fertilization doses were applied. The tools were applied during stem elongation, leaf-
flag emergence, and mid-flowering. In the same stages, the plant biomass was sampled, N was
analyzed, and the NNI was calculated. The NDVI was able to estimate the NNI with a single model
for all growing stages (R? = 0.70). RapidScan indexes were able to predict the yield at leaf-flag
emergence with normalized values (R?=0.70 - 0.76). The sensors were not able to predict GPC. Data
normalization improved the model for yield but not for NNI prediction.

Keywords: Triticum aestivum; RapidScan CS-45; Yara N-Tester™; NNI; precision agriculture; remote
sensing

1. Introduction

To meet the globally increasing food demand, achieving high grain yields and high-quality
grains has become fundamental. For those purposes, N fertilizer is a crucial factor because its
application results in an increase in grain quality and grain yield. However, in cereal production, the
excessive application of nitrogen fertilisers is common. The optimum management of N fertilization
requirements needs a steady monitoring of crop N status throughout the vegetative period [1].

Determining the cereal N status is very important for adjusting the necessary N dose, evaluating
crop growth, and estimating yield and grain protein content (GPC) [2—4]. In this sense, the nitrogen
nutrition index (NNI) has been commonly utilized to determine the N status of plants during the
growing season [5]. The NNI, determines if the N concentration needed to achieve the greatest
biomass production is optimum based on a crop’s current biomass [1]. The NNI could be helpful to
follow N dynamics in a crop canopy and, in this way, identify the deficiencies that suggest a yield
decrease. NNI dynamics may be useful under circumstances where cereals are destined to lose their
yield. Ravier et al. [1] identified a threshold NNI path for the wheat growing cycle to determine N
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fertilizer application timing and suggested the minimum NNI values needed for each key growing
stage to achieve high yields together with a lower risk of nitrate pollution. Reliable information on
crop nutritional status throughout the vegetative period could reveal the need for additional N
fertilizer [6,7] and may help develop an innovative method to manage N fertilization. However, to
determine NNI, laboratory analytical procedures are needed, thereby making the calculations
complicated and time-consuming. To achieve precise N fertilizer management, crop N status should
be analysed in-season and at specific sites.

Optical sensing techniques estimate the N content in a plant indirectly, as such techniques
cannot measure N content directly. Measurements are rapid, low cost, and can be done intensively
over space and time, thereby providing the necessary resolutions required for N fertilizer
management [4]. In this sense, non-destructive and instantaneous measurements can be taken for
crop blades with chlorophyll meters to use them as estimators of the crop N nutritional status. A
previous study showed a good relationship between leaf N concentration and measurements taken
with chlorophyll meters [7-9]. Chlorophyll meters and wheat grain yield were related in different
studies and used to identify responses to additional fertilizers [9,10] and for recommendations on
fertilizer management [11-13]. Moreover, the possibility of using chlorophyll meters to decide if an
extra fertilizer dose is required to increase GPC has been studied [7,9]. The readings provided by
chlorophyll meters have also been well correlated with the NNI [14,15] and with wheat leaf N
concentrations and leaf chlorophyll [7,8].

Active crop canopy sensors have their own light sources, so they are not limited by changeable
light conditions, thus making them practical for on-farm management. Plant tissue normally reflects
nearly 50% of the near infra-red (NIR) and absorbs nearly 90% of the visible radiation [16].
Information related to crop N status is provided because the ratio of reflectance and absorbance
changes with crop N and biomass [17]. Then, vegetation indexes can be calculated with the spectral
data collected by the crop sensors. Mistele and Schmidhalter [18] concluded that the NNI can be
determined using spectra-based measurements, and Marti et al. [19] positively correlated
Normalized Difference Vegetation Index (NDVI) values with wheat yield and biomass. RapidScan
(CS5-45 (Holland Scientific, Lincoln, NE) is a portable ground-based active canopy sensor with a built-
in GPS that measures crop reflectance at red (R; 670 nm), red-edge (RE; 730 nm), and near infra-red
(NIR; 780 nm) spectra and provides the NDVI and the Normalized Difference Red Edge (NDRE).
Previous studies showed that RapidScan CS-45 estimates NNI in rice [20] and allows the fast and
precise crop tracking of N status and yield estimations in wheat [21].

Proximal sensor measurements can be repeated several times throughout the wheat growing
season, and the information obtained and related to crop N status may be utilized to follow crop N
dynamics in real time [8,22-24]. However, remote sensing measurements are usually taken in the
middle wheat-growing period to adjust the N fertilizer rate [11,25]. In our area, the highest amount
of N is applied at stem elongation (GS30), but the time until harvest is long, and many factors may
affect the subsequent N uptake by the crop. However, if the soil is wet [9], it is possible to amend N
deficiency until late in the wheat growing season (GS65 [1]; mid-flowering; [26]). In our area, it is
possible to use a third application of N fertilizer at leaf-flag emergence (GS37) because there will
likely be sufficient rain [9,12] to permit N uptake by the crop. Therefore, it is desirable to follow the
crop N status during the vegetative growing season to make decisions related to the optimization of
N fertilizer applications [6,12] or to predict the yields and GPC values. In this sense, optical sensing
tools could help us understand easily how climate and N rates affect N uptake via crops and,
therefore, affect yield and GPC. Ravier et al. [6] developed decision rules for determining N fertilizer
application through the wheat growing season as a function of the crop N status or NNI reference
values in the key growing stages. However, there are no optical sensing reference values for
evaluating wheat crop N status during the vegetative growing period.

The usefulness of the proximal sensing tools for predicting NNI [15,20] and for predicting yield
[2,19] and GPC [3,23] has been studied with mixed results. Predictions depend on the agroecosystem
environment, and specific correlations for each climate should be developed [23]. The present study
was developed under humid Mediterranean conditions to i) determine if the NNI can be predicted
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using the proximal sensing tools RapidScan CS-45 and Yara N-Tester™ and if a single or unique
model for all growing stages (from GS30 to mid-flowering (GS65)) could be used to predict NNI (or
if growing stage-specific models would be necessary); ii) to determine if grain yield and GPC can be
predicted using the RapidScan CS-45 and Yara N-Tester™; and iii) to determine if the predictions are
improved using normalized values rather than absolute values.

2. Materials and Methods

2.1. Study Site

Three field trials were established during three consecutive wheat growing seasons (2014-2015,
20152016, and 2016-2017) in Arkaute (Araba, Basque Country, northern Spain) at NEIKER
installations (Figure 1) under unirrigated conditions. We refer to the growing seasons as 2015, 2016,
and 2017. The climate of the area where the study was carried out was Temperate-Mediterranean
[27]. The soil texture was analyzed by the pipette method [28] and classified (0-30 cm, sandy clay
loam and 30-60 cm, clay loam) [29]. pH values (8.0-8.5) were high in the soil, which was calcareous
[30] and had moderate organic matter content [31] in the upper layer (2%—-2.5%). The soil was
classified as Typic Calcexeroll [32]. Further experimental details were described by Aranguren et al.
[11].
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Figure 1. Location of the three field experiments in Arkaute, Araba, Basque Country, northern Spain.
The field experiment in 2015 was carried out in the red field. The field experiment in 2016 was carried
out in the blue field. The field experiment in 2017 was carried out in the green field.

2.2. Treatments

Three different initial fertilizers were used: dairy slurry (40 t ha), sheep farmyard manure (40 t
ha), and conventional treatment (no basal dressing but 40 kg N ha, 18 kg S ha™, and 45 kg K ha™
at tillering (G521, [26]). The dairy slurry N content was 192, 144 and 120 kg N ha in 2015, 2016, and
2017, respectively. The sheep farmyard manure N content was 336, 592 and 448 kg N ha™ in 2015,
2016, and 2017, respectively. Five N rates, applied at GS30 (0, 40, 80, 120, and 160 kg N ha™), were
combined with the three types of initial fertilization. Regarding mineral fertilization, N was applied
as calcium-ammonium-nitrate 27% (NAC) and S and K were applied as potassium sulphate 50%. A
control without N (0 N) and an over-fertilized control plot (280 kg N ha™') were also established. The
treatments are shown in Table 1. Organic fertilizers were applied in mid-November each growing
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season. In the area where this study was carried out, organics are usually applied in combination
with mineral fertilizers. The application rate in the experiment (40 t ha) is the usual rate applied in
the area. Wheat (Triticum aestivum var. Cezanne) was sown just after application of the organics. The
experiment used a factorial randomized complete block design. The area of each plot was 4 m wide
and 8 m long.

Yields were harvested at crop maturity. Total N concentration was determined following the
Kjeldhal procedure [33]. GPC was determined by multiplying the total N concentration of the product
by 5.7 [34].

Table 1. Fertilization treatments for the field trials (2015, 2016, and 2017) and the N dose applied in
each of them. Beginning of tillering (GS21; end of winter [26]) and stem elongation (GS30; [26]).

2015-2016-2017

Initial fertilization Topdressing at GS21 Topdressing at GS30 Treatment identification

(kg N ha) (kg N ha?)
0 40N + ON
. 40 40N + 40N
Conventional 40 30 40N + 80N
(=-) 120 40N + 120N
160 40N + 160N
0 DS +0N
40 DS + 40N
Dairy Slurry (DS) _ 80 DS + 80N
(40 tha™)
120 DS + 120N
160 DS + 160N
0 SM + 0N
40 SM + 40N
Shee}:;)l?r}\‘l;f) (SM) ~ 80 SM + 80N
120 SM + 120N
160 SM + 160N
Control (--) - - ON
Overfertilized (--) 80 200 280N

(--), no initial fertilization.

2.3. Plant Biomass and Nitrogen Nutrition Index (NNI)

Plant biomass samples were taken at GS30, GS37, and GS65 in all conventional treatments DS +
ON, and SM + ON and in two control treatments (ON and 280N). Plant biomass sampling was done
according to Aranguren et al. [11]. The biomass was measured and N concentration was determined
following Kjeldahl’s method [33] to calculate the Nitrogen nutrition index (NNI) [1]:
Na
NNI = — 1
Nc M
where Na represents the present wheat N uptake, and Nc represents the critical N uptake that
corresponds to the present shoot wheat biomass W (t ha) [35]:
Nc = 5.35 x W 0442 ()

when the NNI values are close to one, wheat has an optimum N status; values lower than 0.8 indicate
N deficiency, and values higher than one indicate non-limiting N.

2.4. Crop Sensors for Following Crop N Status

Crop sensor readings (CSR) were taken with a Yara N-Tester™ (Yara International ASA, Oslo,
Norway) and RapidScan CS-45 (Holland Scientific, Lincoln, NE, USA) at GS30, GS37, and GS65 [26]
in four pseudo-replications of all treatments (Table 1). The Yara N-Tester™ is a chlorophyll meter
that measures and processes the ratio of the light transmitted at 650 and 940 nm wavelengths, in
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addition to the ratio determined with no sample, to produce a digital reading. It is a clip-on hand-
held tool whose measurement point is placed in the middle of the blade of the youngest fully
developed leaf. To acquire a representative value for each measured treatment, thirty random
measurements were recorded. The RapidScan CS-45 is a ground-based active crop canopy sensor that
measures crop reflectance at 670, 730, and 780 nm and provides the NDVI and NDRE (Equations (3)
and (4)). Plot measurements were taken when the sensor was passed over the crop at approximately
1 m at a constant walking speed. Two rows per plot were scanned, and the NDVI and NDRE values
were averaged to generate a value for the plot.

We refer to the Yara N-Tester™ measurements as abs_N-Tester. We refer to the RapidScan CS-
45 measurements as abs_NDVI and abs_NDRE. Measurements with both tools were taken as
described by Aranguren et al. [11]:

RN1R780 - RRED670

NDVI = 3
Ryir780 + RrED670 ®)

R — Rrep-
NDRE = NIR780 RED—EDGE730 (4)
RNIR780 + RRED—EDGE730

The normalized values for crop sensor readings (nor_CSR: nor_N-Tester, nor_ NDVI, and
nor_NDRE) were calculated according to Aranguren et al. [11]:
CSR
1 5
CSRoverfertilized 00 ®)
Thus, each absolute crop sensor reading (CSR; abs_N-Tester, abs_NDVI, and abs_NDRE) was

divided by the CSR values of the overfertilized plot (280N; CSR_overfertilized) at the same growing
stage and in the same growing season [36].

nOI‘CSR =

2.5. Models to be Fitted

Based on a literature review, the models for predicting NNI [14,20,22], yield [19,24], and GPC
[3,25] in cereals from crop sensors readings were selected.

2.5.1. The Linear Model

This model assumes that the NNI, yield, and GPC increase steadily with the CSR (or nor_CSR).
The NNI is defined as follows:

Y=a+bxCSR (6)

where Y is the NNI (or yield or GPC), CSR (or nor_CSR) is the measured value with the crop sensor,
and a and b are the parameters of the linear trend that are estimated when the model is fitted to the
experimental data.

2.5.2. The Exponential Model

This model does not feature a constant increase in NNI, yield, or GPC with CSR (or nor_CSR)
(unlike the linear model) and is defined as follows:

Y = a + ebxCSR )

where Y is NNI (or yield or GPC), CSR (or nor_CSR) is the measured value with the crop sensor, and
a and b are the parameters of the exponential trend that is estimated when the model is fitted to the
experimental data.

The three-year dataset was divided into two subsets: 75% for fitting the coefficients of
determination and 25% for the validation dataset. The 25% dataset was always taken from the same
block in the field experiment. The coefficients of determination (R?) were calculated using the R 3.2.5
software [37]. R? was calculated for the relationship between the CSR (abs_N-Tester, abs_NDVI, and
abs_NDRE) and NNI and between nor_CSR (nor_N-Tester, nor_NDVI, and nor_NDRE) and NNI in
each growing stage (GS30, GS37, and GS65). R? was calculated for the relationship between the CSR
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and NNI and between nor_CSR and the NNI for all growing stage readings together (general model).
R? was calculated for the relationship between the CSR and the yield and between nor_CSR and the
yield for each growing stage (GS30, GS37, and GS65). R? was calculated for the relationship between
the CSR and GPC and between nor_CSR and GPC for each growing stage (GS30, GS37, and GS65).

Only when the above-mentioned relationships were statistically significant were the
relationships plotted. Moreover, when these relationships were significant, the NNI values predicted
from the different indexes and models were plotted against the NNI values measured from the
remaining samples (25%) using the R 3.2.5 software [37].

The output of the models was assessed by comparing the R?, RMSE (root mean square error),
and AIC (Akaike Information Criterion [38]). The RMSE defines the best-fit function that captures the
relationship between NNI, yield, or GPC and CSR (or nor_CSR), which is defined as follows:

8)

where Y is the measured NNI, and Y’ is the estimated NNI.

The AIC describes to what degree the model is explained by the data. The models were
compared, and that with the least amount of information loss was used [39]. The models close to
reality had lower AIC values [14].

The highest precision and accuracy of the model for predicting crop N status (NNI), yield, or
GPC was chosen based on (i) the highest R?, and ii) the lowest RMSE and AIC. In the results of the
models, the highest value was the R? and the lowest was the RMSE and AIC in all cases. Therefore,
only the R2will be mentioned in the results.

3. Results

3.1. Relationship between the NNI and Crop Sensor Readings

The correlations were fitted between the absolute and normalized CSR and NNI for each
different growing stage (GS30, GS37, and GS65; Figure 2 and Figure 3), as well as a general correlation
across growing stages (Figure 4). For growing stage-specific models, the RapidScan CS-45 indexes
predicted a better NNI (Figure 2 and Figure 3) than the Yara N-Tester™ for both models (linear and
exponential). The Yara N-Tester™ did not present a significant relationship to NNI, thus,
relationships were not plotted. With RapidScan, the exponential models predicted the NNI more
successfully than the linear models in all cases (a higher R? and lower AIC and RMSE). For absolute
values, the abs_NDVI values better explained the NNI variability (Figure 2 a-c) than the abs_NDRE
values (Figure 3 a-b) in every growing stage (R? values higher than 52 in all cases). The relationship
between abs_NDRE at GS65 and the NNI was not significant, thus, it was no plotted. For the
normalized values, the nor_ NDRE (Figure 3 d-e) values fit the NNI slightly better at G537 and GS65
(R2=0.7) than the nor_NDVI values (Figure 2 e-f). However, at GS30, nor_NDVI predicted the NNI
better than nor_NDRE (Figure 2d and 3c). The general model (Figure 4), especially the abs_ NDVI
values (Figure 4a), had good accuracy when estimating the NNI (R?= 0.7, similar to the models for
different growing stages). In the general model, there were no significant relationships between the
Yara N-Tester™ and NNI, like that found in the growing stage-specific models (data not shown).
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Figure 2. Relationship between the NNI (Nitrogen Nutritional Index) and abs_NDVI values at GS30 (a), GS37 (b), and GS65 (c) and between the NNI and nor_NDVI values
at GS30 (d), GS37 (e), and GS65 (f). Two models were fitted: linear, solid line; exponential, dashed line. **, *** Significant at 0.01 and 0.001 probability levels, respectively.
+, ON; X, 40N + ON; %, 40N + 40N; <, 40N + 80N; X, 40N + 120N; *, 40N + 160N; 0, DS + ON; 0, SM + ON. abs, absolute values; nor, normalized values; NDVI, Normalized

Difference Vegetation Index.
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Figure 3. Relationship between the NNI (Nitrogen Nutritional Index) and abs_NDRE values at GS30 (a) and GS37 (b) and between the NNI and nor_NDRE values at GS30
(c), GS37 (d), and GS65 (e). Two models were fitted: linear, solid line; exponential, dashed line. **, *** Significant at 0.01 and 0.001 probability levels, respectively. +, ON; X,
40N + ON; %, 40N +40N; *, 40N + 80N; %, 40N + 120N; ~, 40N + 160N; 0, DS + ON; 0, SM + ON. abs, absolute values; nor, normalized values; NDRE, Normalized Difference Red
Edge Index.
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Figure 4. Relationship between the abs_NDVI (a) and abs_NDRE (b) values for all growing stages measurements together and the NNI (Nitrogen Nutritional Index) and
the nor_NDVI (c) and nor_NDRE (d) values for all growing stage measurements together and the NNI. Two models were fitted: linear, solid line; exponential, dashed line.
*, *%, *** Significant at 0.05, 0.01 and 0.001 probability levels, respectively. +, ON; %, 40N + ON; %, 40N +40N; <, 40N + 80N; %, 40N + 120N; ~, 40N + 160N; 0, DS + ON; 0, SM
+ON. abs, absolute values; nor, normalized values; NDVI, Normalized Difference Vegetation Index; NDRE, Normalized Difference Red Edge Index.
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Saturation effects were detected for both the NDVI and NDRE indexes when NNI > 0.8 (Figure
2, Figure 3 and Figure 4). The RapidScan CS-45 indexes did not increase more than 0.8 for the NDVI
(Figure 2 and Figure 4) or more than 0.4 for the NDRE (Figure 3 and Figure 4), even though the NNI
values continued increasing above 0.8. Although NDVI and NDRE reached saturation at a similar
point, the NDRE value range was slightly wider for NDVI values around 0.8 (0.35-0.40; Figure 5).
The values located from NNI = 0.8 to NNI = 1.4 were not quantified by RapidScan CS-45 (Figure 2,
Figure 3 and Figure 4).

1

y=1.4812x+0.2301
0.9 R?=0.69**

abs_NDVI
o o o o
" o N )

o
»

0.3

0.2

0 0.1 0.2 0.3 0.4 0.5
abs_NDRE

Figure 5. Relationship between the abs_NDVI and abs_NDRE values from the three growing seasons.
abs, absolute values; nor, normalized values; NDVI, Normalized Difference Vegetation Index; NDRE,
Normalized Difference Red Edge Index. **, significant at 0.01 probability level.

3.2. Relationship between the Yield and GPC and Crop Sensor Readings

Correlation coefficients of the relationship between the absolute and normalized CSR at each
different growing stage (GS30, GS37, and GS65) and grain yield (Figure 6) and GPC were fitted. The
lineal models and exponential models predicted similar yields from CSR. The yield prediction
capacity was high with abs_NDVI at G565 (Figure 6a; R?= 0.72), nor_NDVI at GS37 (Figure 6b; R?=
0.76), and nor_NDRE at GS37 (Figure 6¢; R?=0.70), whereas the yield prediction capacity with abs_N-
Tester at GS37 (Figure 6d; R?2= 0.53) and that with nor_ N-Tester at GS65 (Figure 6e; R?= 0.57) was
low. The remaining relationships between yield and CSR (abs_NDVI at GS30 and GS37; abs_NDRE
at GS30, GS37 and GS65; abs_N-Tester at GS30 and GS65) and nor_CSR (nor_NDVTI at GS30 and GS65;
nor_NDRE at G530 and GS65; nor_N-Tester at GS30 and GS37) were not significant (data not shown).
The GPC prediction capacity with CSR and that with nor_CSR was not significant in any of the cases
(the best relationship was observed between abs_N-Tester at GS65 (R?= 0.35)).

Agriculture 2020, 10, 148; doi:10.3390/agriculture10050148 www.mdpi.com/journal/agriculture



Agriculture 2020, 10, 148 11 of 22

14000 14000 14000 Go37
i e
12000 Linear a)GS65 12000 b)GS37 12000 y =107x - 950.62 )
y =16492x—-3512.1 R? = 0.70***
R? = 0.70 *** AR
__ 10000 __ 10000 : __ 10000
®© P ] ’, ®©
< 8000 Eiponeniil < 8000 O X < 8000 R
2 y = 1426.8e24283% 2 2
< 6000 R2 = 0.72%** = 6000 = 6000
2 2 2
= = =
4000 y 4000 4000 >3 X
< Linear Exponential e Exponential
2000 2000 | y=11539x—1671 y=1911.2e0016% 2000 y = 2519.9¢0.0162¢
R?=0.76 *** R2=0.76 *** R2=0.70***
0 0 : 0
0 0.2 04 0.6 0.8 1 0 25 50 75 100 125 0 25 50 75 100 125
abs_NDVI nor_NDVI nor_NDRE
14000 14000
Linear d)GS37 Linear e)GS65
12000 |y =21.332x—4142.2 12000 |y=128.14x—-4122.3 ‘
2 * R2=0.56*
__ 10000 B =it __ 10000
® . ®
< 8000 Exponential < 8000
2 y = 1295.20.0032x 2
T 6000 2 * T 6000
] R#=0.55 ]
> 4000 > 4000 .
Exponential
2000 2000 [y=1319.1e00188
R2=0.57*
0 0
0 200 400 600 800 0 25 50 75 100 125
abs_N-Tester nor_N-Tester
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3.3.NNI Estimation Perfomances from Proximal Sensing Tools

The NNI values predicted from the different indexes and models were plotted against the
measured NNI values from the remaining samples (25%) when the correlations were significant
(Figure 7, Figure 8 and Figure 9). In the models specific to the growing stage, the order of the accuracy
of the correlations for validation was similar to the accuracy of the prediction correlations (Figure 7
and Figure 8). There was a significant agreement between the estimated NNI and the measured NNI
for the vast majority of the correlations, with the exception of nor_NDRE at GS30 (Figure 8b). NDVI
had a greater potential for predicting NNI than NDRE, as represented by its higher R? and lower
RMSE and AIC. In the general model (Figure 9), there was a significant agreement between the
estimated NNI and the measured NNI with abs_ NDVI and abs_NDRE (Figure 9a and 9c¢), especially
with abs_NDVI in the exponential model (Figure 9a). For nor_ NDRE and nor_NDVI, the predicted
NNI and the measured NNI did not agree (Figure 9b and 9d). NDVI had a high potential for
predicting NNI, especially with the exponential model (R?=0.74; RMSE = 0.12; AIC = -89), even in the
general model.

3.4.Grain Yield and GPC Estimation Perfomance from Proximal Sensing Tools

The predicted yield values from the different indexes and models were plotted against the
measured yield values from the remaining samples (25%) when the correlations were significant
(Figure 10). Figure 10 shows that there was a significant agreement between the estimated yields and
the measured yields in all cases. However, for abs_N-Tester at G537 and nor_N-Tester at G565, the
agreement was lower than that for nor_ NDVI and nor_NDRE at G537 and abs_NDVI at GS65, as
shown by the higher R? values and lower RMSE and AIC values. Since no index or model could
predict the GPC values, GPC estimation performance was studied.
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Figure 7. Relationships between the predicted NNI (Nitrogen Nutritional Index) values (from abs_NDVI at GS30 (a), nor_NDVI at GS30 (b), abs_NDVI at GS37(c), nor_NDVI
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Figure 10. Relationships between the predicted yield values (from abs_NDVI at GS65 (a), nor_NDVI at GS37 (b), nor_NDRE at GS37 (c) abs_N-Tester at GS37 (d) and
nor_N-Tester (e)) and the measured yield values from 25% of the samples. **** Significant at 0.05 and 0.001 probability levels, respectively. abs, absolute values; nor,
normalized values; NDVI, Normalized Difference Vegetation Index; NDRE, Normalized Difference Red Edge Index.
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4. Discussion

The NDVI has been the most commonly used vegetation index in agriculture over the last four
decades [40] and is a common measure for determining crop N status. The vast majority of the models
for predicting the in-season N rate use NDVI [41]. Similar to the results of the present study, Xue et
al. [42] described a good relationship between N status and the vegetative period of rice (R?2= 0.70-
0.90), and Cao et al. [41] found that the NDVI explained 47% of NNI changeability across growing
stages and growing seasons in wheat.

Usually, in scientific studies, ground-based values are normalized with an overfertilized
reference strip where non-limiting N has been applied. However, this approach has limitations
because it is not easy for a control fringe to be representative of the field. Moreover, using normalized
values would make the use of these tools more difficult for the farmer. Furthermore, Ravier et al. [14]
showed that it is not easy to ensure that an overfertilized fringe is not N deficient, thereby
problematizing the use of normalized data. In our case, the absolute values were normalized using a
strip fertilized with 280 kg N ha'. However, these overfertilized treatments did not obtain NNI>1 in
some situations. Moreover, when extending the method to large scale tools as the satellite, the
utilization of absolute values is convenient, as having an overfertilized strip at each field for data
normalization would be a challenging issue. However, if the measurements are not normalized it
would be necessary to adjust the crop sensor measurements to different conditions, locations, and
varieties [43].

Many authors have noted that the correlations between the NNI and proximal sensors fit better
with growing stage-specific models. Sembiring et al. [44] and Mistele and Schmidhaltel [18] (using
spectral reflectance) and Cao et al. [45], Ravier et al. [14] (using chlorophyll meters), and Lu et al. [20]
(using RapidScan CS-45 sensors) have showed that the highest diagnostic accuracy obtained for
cereals differs depending on the growing stage. In our study, the general model, especially abs_NDVI
values, showed good accuracy in its NNI estimations, similar to the models for different growing
stages (Figure 4). The accuracy of the correlations for validation was also high for abs_NDVI (Figure
7 and Figure 9a), especially in the exponential model. Remarkably, it would thus be easier to use a
unique model for on-farm implementations than growing stage-specific models. As in the present
study, other authors have also supported using general models with active canopy sensors for winter
wheat [46] and with chlorophyll meters for durum wheat [13].

Saturation effects were detected for both the NDVI (around 0.8) and NDRE (around 0.4) indexes
when NNI>0.8. Although NDVI and NDRE reached saturation at a similar point, the NDRE value
range is slightly wider for NDVI values around 0.8 (0.35-0.40; Figure 5). However, the NNI threshold
values needed to achieve the maximum yields in wheat proposed by Ravier et al. [1] were always
NNI<0.8 or lower. In that case, the saturation effect of the RapidScan CS-45 indexes would not be a
problem, as the values related to NNI = 0.8 were close to NDVI = 0.8 and NDRE = 0.37 (Figure 2,
Figure 3, Figure 4 and Figure 5). Therefore, the NDVI values obtained in our conditions would be
useful for us making a good nitrogen nutritional diagnosis. The saturation effects on NDVI have been
also shown by other authors for winter wheat [41,47] and for rice [48]. It has been reported that when
crops achieve a critical canopy or critical chlorophyll content, the NDVI saturation effect is relevant
[41,49,50]. This saturation effect is relevant when the canopy is very close and the NIR and visible
light break into the crop canopy differently, thereby diminishing the normalization effect of the
calculations [16]. When the canopy is close, the NIR reflectance increases while the red reflectance
hardly changes [16]. The transmittance of the visible light through the canopy is low, so it is
dominated by the top leaves of the plants [16]. However, the NIR detects the biomass bellow as it has
a higher transmittance through the crop canopy [16]. The saturation effect can be reduced by using
red-edge-based vegetation indices, such as NDRE [46]. Indices including red-edge channels could
have higher sensitivity to chlorophyll content in crops, as Cao et al. [46] and Zhang et al. [24] detected
that the red-edge bands were more suitable for determing crop N status than the NDVI, and Sharma

Agriculture 2020, 10, 148; doi:10.3390/agriculture10050148 www.mdpi.com/journal/agriculture



Agriculture 2020, 10, 148 18 of 22

et al. [50] concluded that NDRE would be better for developing late-season N application algorithms.
Conversely, Bonfil [21] showed that the NDVI reaches the same accuracy as the NDRE with
RapidScan CS-45 in wheat, similar to the present study.

The yield potential may vary between growing seasons because of the temporal variability in
rainfall, temperature, or relative humidity [1]. In this study, the rainfall patterns were very different
between years (data not shown), giving more variability to the data. Royo et al. [51] and Marti et al.
[19] concluded that the prediction of wheat yield is better when the absolute NDVI readings from
later in the season (flowering; GS60-GS65) are used (when yield estimates stabilize). In late growing
stages, crop development is advanced in its phenology, and fewer abiotic effects can affect the grain
yield. However, similar to our results, Magney et al. [23] showed that the strongest predictions of
wheat yield are made prior to heading (before GS50). Otherwise, the yield predictive capacity of the
NDVI decreases during grain filling [23].

The GPC prediction capacity with CSR and nor_CSR was not possible in the present study. The
best relationship was observed between abs_N-Tester at G565, where the GPC values could be
partially explained (R2=0.36). GPC is a product of the N assimilated by the crop prior to grain filling
and of the environmental conditions that the crop undergoes in that period [52]. Contrary to our
results, the literature showed the potential of using chlorophyll meters to estimate the GPC in wheat
[7,9]. As also verified by other authors [3], in this study, the NDRE and NDVI could not explain the
GPC variability in any of the growing stages. Magney et al. [23] showed that the NDVI’s predictive
capacity for GPC never exceeds 0.2. As much as 75%-90% of the total N in plants at harvest may come
from the preanthesis (growing stage prior to G560) N uptake in cereals [53], significantly influencing
grain quality [54]. However, it is not possible for crop sensors to estimate N translocation efficiency
from the vegetative portion to the grain.

As the results showed, both tools have different behaviours in the prediction of NNI, yield, and
GPC. These differences can be explained by the intrinsic differences between the proximal sensing
tools, which sense different physical variables and different targets. The RapidScan CS-45
measurements are related to the photosynthetically active crop canopy biomass, while the Yara N-
Tester measurements are related to leaf chlorophyll content. On the other hand, RapidScan CS-45
measures the crop reflectance, and Yara N-Tester measures the transmittance of the light on a
particular leaf. The operations for the measurements are also different; the measurements using
RapidScan CS-45 are simpler, faster, and cover a much larger area as they measure the whole canopy
of the crop and thus better represent spatial variability. However, the Yara N-Tester only measures
the central zone of the last fully developed leaf, even if this leaf has a relevant role in plant N nutrition.

N fertilization recommendations must be made based on remote sensing indexes that were
studied and developed for NNI [6]. NNI measurements require great time and labour and are not
instantaneous as subsequent laboratory analyses are needed. Active crop sensor measurements, on
the other hand, are not invasive, their information obtained for crop N status is instantaneous and
well correlated with the NNI, and measurements can be taken at many time-points during the
growing season. Following crop N status is not only important in conventional fertilization but also
when organics are applied as initial fertilizers. Organic manures differ in their physical and chemical
characteristics; they possess different N mineralization patterns and, therefore, leave uncertain
quantities of N available for the crop [10]. Moreover, the same organic fertilizer may have different
N release dynamics depending on the year, especially considering the long period between the
application and beginning of N uptake by the plant (3—4 months).

Some authors have noted that having only two or three wavebands are a limitation to
developing optimum vegetation indices [55]. These authors have suggested the use of tools with
more wavebands to calculate more complex indexes or indexes that also include green. Satellite
remote sensing, where the waveband spectrum is more complete, may have the potential to improve
ground-based sensor performance. However, for the accurate interpretation of satellite-based data
necessary for making large-scale N fertilization recommendations, we must first understand the
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information obtained in ground-based areas through field-trials, where different fertilization
strategies are tested and indexes are measured at various growing stages, as done in this study.

5. Conclusions

This study demonstrated that RapidScan CS-45 indexes are able to follow the NNI throughout
the entire wheat growing season. A single model (for all growing stages) with absolute NDVI data
can, therefore, be used for NNI prediction. The RapidScan CS-45 indexes were able to predict yield
with normalized values at GS37 better than at G565. RapidScan CS-45 and Yara N-Tester™ were not
able to predict GPC. Data normalization improved the model for yield but not for NNI prediction.
Therefore, following crop N status throughout the growing season using proximal sensing may allow
for better adjustment of the N fertilizer to the crop requirements.
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