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Abstract: The nitrogen (N) nutrition index (NNI) is a reliable indicator of crop N status and there is
an urgent need to develop efficient technologies for non-destructive estimation of NNI to support
the practical applications of precision N management strategies. The objectives of this study were
to: (i) validate a newly established critical N dilution curve for spring maize in Northeast China;
(ii) determine the potential of using the GreenSeeker active optical sensor to non-destructively
estimate NNI; and (iii) evaluate the performance of different N status diagnostic approaches based
on estimated NNI via the GreenSeeker sensor measurements. Four field experiments involving six
N rates (0, 60, 120,180, 240, and 300 kg-ha_l) were conducted in 2014 and 2015 in Lishu County,
Jilin Province in Northeast China. The results indicated that the newly established critical N dilution
curve was suitable for spring maize N status diagnosis in the study region. Across site-years and
growth stages (V5-V10), GreenSeeker sensor-based vegetation indices (VIs) explained 87%-90%,
87%—89% and 83%—-84% variability of leaf area index (LAI), aboveground biomass (AGB) and plant
N uptake (PNU), respectively. However, normalized difference vegetation index (NDVI) became
saturated when LAI > 2 m>m~2, AGB > 3 t-ha~! or PNU > 80 kg-ha~!. The GreenSeeker-based VIs
performed better for estimating LAI, AGB and PNU at V5-V6 and V7-V8 than the V9-V10 growth
stages, but were very weakly related to plant N concentration. The response index calculated with
GreenSeeker NDVI (RI-NDVI) and ratio vegetation index (R% = 0.56-0.68) performed consistently
better than the original VIs (R? = 0.33-0.55) for estimating NNI. The N status diagnosis accuracy rate
using RI-NDVI was 81% and 71% at V7-V8 and V9-V10 growth stages, respectively. We conclude
that the response indices calculated with the GreenSeeker-based vegetation indices can be used to
estimate spring maize NNI non-destructively and for in-season N status diagnosis between V7 and
V10 growth stages under experimental conditions with variable N supplies. More studies are needed
to further evaluate different approaches under diverse on-farm conditions and develop side-dressing
N recommendation algorithms.

Keywords: precision nitrogen management; active optical sensor; nitrogen status indicator; response
index; nitrogen status diagnosis
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1. Introduction

Maize (Zea mays L.) is the second most important staple food crop in China and accounts for
about 33% of total Chinese cereal production [1]. Over-application of nitrogen (N) has been a common
problem in China, resulting in low N use efficiency (NUE) and environmental pollution [2—4]. Precision
N management (PNM) strategies that match N supply with maize N demand in both space and time
are urgently needed to increase NUE and mitigate negative environment impacts [4-6]. For such
strategies to be successful and practical, non-destructive methods for real-time diagnosis of maize N
status before making side-dressing N application recommendations need to be developed.

Nitrogen nutrition index (NNI) has been regarded as a reliable indicator of crop N status [7]. It has
been observed that plant N concentration (PNC) decreases with increasing plant aboveground biomass
(AGB), which can be described with a critical N dilution curve [7,8]. This is due to the self-shading of
the leaves and the increase of the proportion of plant structural and storage tissues with a lower N
concentration [7]. As the ratio of actual PNC over critical PNC, the NNI can be used to diagnose crop
N nutritional status [7]. An NNI value of 1 indicates optimal N status, while NNI values less or greater
than 1 indicates deficient or surplus N status, respectively [7]. For more practical on-farm applications
of NNI, Cilia et al. [9] proposed to classify NNI into five classes (NNI < 0.7, 0.7 < NNI < 0.9, 0.9 < NNI
< 1.1,1.1 < NNI < 1.3, and NNI > 1.3) for diagnosing maize N status in Italy and regarded NNI < 0.9
as N deficient, 0.9 < NNI < 1.1 as N optimal and NNI > 1.1 as N surplus. Huang et al. [10] proposed
the following NNI thresholds for rice (Oryza sativa L.) in Northeast China: NNI < 0.95 as N deficient,
0.95 < NNI < 1.05 as N optimal and NNI > 1.05 as N surplus. However, the calculation of NNI needs
AGB and PNC information, which requires destructive sampling and chemical analysis, and thus not
very practical for in-season site-specific N management applications.

A promising approach is to use proximal and remote sensing technologies to non-destructively
estimate crop NNI. The chlorophyll meter (CM) has been used for estimating NNI [11-13]. However,
CM is a leaf sensor and it is still time consuming for instituting NNI based on CM for large area
applications in PNM [6]. Passive hyperspectral canopy spectrometers have been used to estimate
wheat (Triticum aestivum L.) and maize NNI, and achieved impressive results [14-16]. However, passive
sensors are influenced by environmental light conditions. In addition, they are expensive for on-farm
applications [10]. Active optical sensors (AOS) are more efficient than leaf sensors, yet much cheaper
than hyperspectral spectrometers. They have their own source of energy, and are not significantly
influenced by environmental light conditions. They can be used at any time of the day, even under
cloudy conditions or at night [5,17,18]. Therefore, an AOS is more suitable for applications in PNM.

A widely used AOS is the GreenSeeker sensor (Trimble Navigation Limited, Sunnyvale, CA,
USA). It has a red (R) and a near-infrared (NIR) band and is configured to provide two vegetation
indices (VIs), the Normalized Difference Vegetation Index (NDVI) and the Ratio Vegetation Index (RVI).
Yao et al. [19] used the GreenSeeker sensor to non-destructively estimate rice NNI in Northeast China,
with R? being only 0.25-0.34 and 0.30-0.31 at the stem elongation and heading stages, respectively.
Cao et al. [5] used this sensor to estimate winter wheat NNI in North China Plain, and the reported R?
was 0.13-0.20 and 0.60-0.63 at Feekes growth stage 4-7 and 8-10, respectively.

The GreenSeeker sensor has also been used for PNM of maize. Martin et al. [20] collected NDVI
values with the GreenSeeker sensor at multiple growth stages and found that it performed best at V8
growth stage [21] for estimating maize yield potential and AGB. Thomason et al. [22] reported a R?
value of 0.81 between NDVI and AGB across V5 to V9 growth stages. However, review of literature
indicates that no study has been reported to determine how well can the GreenSeeker sensor be used to
estimate NNI of spring maize at different growth stages around side-dressing N application and how
accurate can the GreenSeeker sensor-based maize N status diagnosis be. Two basic approaches can be
taken to use remote sensing to estimate NNI to diagnose crop N status: mechanistic and semi-empirical
methods [16]. The mechanistic method uses remote sensing to estimate plant AGB and PNC, and then
calculates NNI according to its definition. The semi-empirical method uses spectral indices to estimate
NNI directly. Chen [16] evaluated these two methods for estimating winter wheat NNI based on
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hyperspectral canopy sensing data and found that the mechanistic method worked better than the
semi-empirical method, which was more influenced by phenology. Studies are needed to determine if
this is also true for estimating spring maize NNI using active canopy sensor GreenSeeker.

The Northeast China Plain accounts for 35% of the total maize production in China [23].
To improve the diagnosis of spring maize N status in this region, Li et al. [24] established a new
critical N dilution curve for the calculation of NNI. Studies are needed to validate this critical N
dilution curve using independent dataset and develop efficient non-destructive methods to estimate
NNI for in-season site-specific N management applications. Therefore, the objectives of this study
were to: (i) validate the newly developed critical N dilution curve for spring maize in Northeast
China; (ii) determine the potential of using the GreenSeeker sensor to non-destructively estimate NNI;
and (iii) evaluate the performance of different N status diagnostic approaches based on the estimated
NNI via the GreenSeeker sensor measurements.

2. Materials and Methods

2.1. Study Site Description and Experimental Design

The study was conducted in Lishu County (43°2'N, 123°3’E), Siping City, Jilin Province in
Northeast China. This area is a typical region of rain-fed spring maize in Northeast China, where
annual average precipitation is 556 mm, 70%—-80% of which occurs between June and September.
The rainfall distribution and mean temperature during the study years in Lishu is shown in Figure 1.
The two study sites (Sites 1 and 2) selected for this study are about 50 km apart. The soil at the two study
locations was classified as Black Soil, equivalent to typical Haplaboroll in the USDA Soil Taxonomy [25].
The soil pH, organic matter, total N, Olsen-Phosphorous (P) and exchangeable Potassium (K) were 5.1
and 5.0, 18.7 and 17.9 g-’kg !, 0.93 and 1.01 g-kg~!, 36.7 and 20.7 mg-kg !, and 235 and 197 mg-kg !
for Sites 1 and 2, respectively.
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Figure 1. Accumulated rainfall (mm) every 10 days and corresponding average temperature (°C) for
the growing season of spring maize in 2014 and 2015 in Lishu County, Jilin Province, China.

Four N experiments were conducted in 2014 and 2015 (Table 1). Each experiment used the same
maize variety (Liangyu 11), the same plant population of 65,000 plant-ha~!, and had the same six
N rate treatments (0, 60, 120, 180, 240, and 300 kg-ha’l). The N fertilizers were applied in two split
applications: 1/3 as basal application before planting, and the remaining 2/3 as side-dressing at the V8
growth stage. Sufficient phosphate (90 kg P,Os-ha—!) and potash (100 kg K,O-ha~!) fertilizers were
applied before planting to make sure phosphorus (P) and potassium (K) nutrients were not limiting.
Crop planting and harvest dates are listed in Table 1.
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The two field experiments had four replications, with plot area being 60 m? and 30 m? for
Sites 1 and 2, respectively. All plots were kept free of weeds, insects and diseases with chemicals based
on standard practices. No drought stress was reported during the growth period and no irrigation
was applied.

Table 1. Detailed information about the experiments conducted in this study in 2014 and 2015.

Experiment  Planting Date Harvest Date Sensing Stages Sensing Date
2014

12 June, 17 June, 22 June, 25 June,

Site 1 6 May 4 October V5,Ve6,V7,V8,V9, V10 29 June, 4 July
Site 2 27 April 29 September V5, V6, V7, V8, V9, V1o  L1June 18June, 22 June, 25 June,
30 June, 5 July
2015
Site 1 3 May 29 September V5, V6, V7, V8, V9, V1o .2 June, 17 June, 21 June, 24 June,
27 June, 4 July
Site 2 27 April 3 October V5,Ve6,V7,V10 14 June, 23 June, 29 June, 5 July
Note: Due to bad weather conditions, sensor data and plant samples could not be collected at V8 and V9 at Site
2in 2015.

2.2. Active Canopy Sensor Data Collection

The GreenSeeker ACS Model 505 was used in this research. This sensor detects reflection in
red (650-670 nm) and NIR (755-785 nm) spectral regions. It has a nadir viewing angle with a field
of view of 0.0052-0.0145 m? and acquisition interval from 20 to 1500 ms [26]. Sensor readings were
collected over all of the maize plants in each plot except the border rows by holding GreenSeeker
approximately 0.7 m above the crop canopy at different stages and walking at a constant speed in all
experimental plots. The sensor uses built-in software to calculate NDVI and RVI directly and generates
10 VI readings per second. Details of the sensing times for each experiment are shown in Table 1 and
the GreenSeeker readings of one plot were averaged to represent each plot.

2.3. Plant Sampling and Measurements

Maize plant samples were acquired immediately after acquiring sensor readings at each crop
growth stage. Five plants were randomly selected from each plot and their height and leaf age
were determined. This information was used as reference to select two representative plants with
similar height and leaf age in each plot. Green leaf area (GLA) was determined using the following
formula [27]:

GLA = leaflength x maximum leaf width x 0.75 (fully expanded leaf) (1)

or

GLA = leaflength x maximum leaf width x 0.5 (none — fully expanded leaf) 2)

LAI was measured as total GLA per unit of soil area. All plant samples were oven-dried at 105 °C
for 30 min, then dried at 70 °C to a constant weight, and finally weighed to obtain the AGB. They were
later ground into fine powder to determine PNC by a modified Kjeldahl digestion method [28].
The plant nitrogen uptake (PNU) was determined by multiplying PNC with AGB.

At maturity, grain yield was determined by harvesting 20 m? area of each plot, and standardized
to 14% grain moisture content. To evaluate and determine NNI threshold values, relative grain yield
was calculated as the ratio of the grain yield for a given N rate treatment and the highest yield observed
in that specific site-year N rate experiment.

2.4. Calculation of Nitrogen Nutrition Index

The critical N dilution curve of spring maize developed by Li et al. [24] was used in this study:

< = 365W 048 (3)
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where N is the critical N concentration expressed as g-kg~! dry matter (DM) and W is the AGB
expressed in Mg DM-ha~!.
The NNI was calculated following Lemaire et al. [7]:

NNI = N./N. 4)

where N, is the actual measured N concentration and N is the critical N concentration as determined
by Equation (3).
The NNI can also be calculated using PNU:

NNI = PNU,/PNU, (5)

where PNU, is the actual measured PNU and PNU. is the critical PNU (N. x AGB).
The N treatment plots were grouped into three classes based on NNI values: deficit (NNI < 0.95),
optimal (0.95 < NNI < 1.05) and surplus (NNI > 1.05).

2.5. Statistical Analysis

To evaluate the newly developed critical N dilution curve of spring maize for Northeast China [24],
the data with AGB larger than 1 tha~! were divided into non-N-limiting and N-limiting groups,
using the procedure proposed by Greenwood et al. [29] and Ziadi et al. [30]. For each site-year
experiment at each sampling date, all the AGB data were subject to analysis of variation (ANOVA)
using SPSS 18.0 (SPSS Inc., Chicago, IL, USA) and compared using the least square difference (LSD)
test at 5% probability level. Sampling dates were not used to test the validity of the critical N dilution
curve if the ANOVA indicated no significant differences (p > 0.05) among the N application rates.
The N-limiting treatment is defined as a treatment for which an increase of N application leads to a
significant increase in AGB. The non-N-limiting treatment is defined as treatment for which additional
N application leads to significant increase in PNC, but not in AGB.

Data collected from the N rate experiments were pooled together. The data for each site, year,
growth stage and N rate were randomly divided into calibration dataset (75% of the observations)
and validation dataset (25% of the observations). The mean value, standard deviation (SD) and the
coefficient of variation (CV, %) of spring maize N status indicators were calculated using Microsoft
Excel (Microsoft Corporation, Redmond, WA, USA). The coefficients of determination (R?) of the
relationships between VIs and agronomic parameters were calculated using SPSS 18.0, and the model with
the highest R? was selected. In addition to R?, the performance of the model for predicting spring maize N
status indicators was also evaluated using the root mean square error (RMSE) and the relative error (RE).

To evaluate the possibility of using normalized VIs to improve the estimation of NNI, N response
index (RI) was calculated in this study. It was calculated by dividing GreenSeeker VI of N-rich plots
(plots receiving sufficient N supply) by VI of check plots or plots receiving normal N rates. In this
study, the plots of 240 kg-ha~! were used as N rich plots and their average VI values were used for
RI calculation.

Different approaches can be taken to non-destructively estimate NNI with the GreenSeeker
sensor. The first is to estimate AGB and PNC using NDVI or RVI and from the estimated biomass,
N¢ can be determined using the established critical N dilution curve and NNI can then be calculated
(NNI-PNC-NDVI or NNI-PNC-RVI). The second approach is to use the GreenSeeker NDVI or RVI to
estimate biomass and PNU. Using the estimated biomass, N can be calculated. The product of biomass
and N is PNU,, and NNI can be calculated as the ratio of PNU and PNU. (NNI-PNU-NDVI or
NNI-PNU-RVI). The third approach is to estimate NNI directly using GreenSeeker NDVI (NNI-NDVI)
or RVI (NNI-RVI). The fourth approach is to use RI calculated with GreenSeeker NDVI (RI-NDVI) or
RVI (RI-RVI) to estimate NNI directly (NNI-RI-NDVI or NNI-RI-RVI). The fifth approach used the
relationships between RI and NNI to determine the corresponding RI values when NNTI is 0.95 and
1.05 and the following threshold values were used to diagnose maize N status directly: RI-NDVI > 1.06
(N deficient), 1.03 < RI-NDVI < 1.06 (N optimal), and RI-NDVI < 1.03 (N surplus); and RI-RVI > 1.32
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(N deficient), 1.17 < RI-RVI < 1.32 (N optimal), and RI-RVI < 1.17 (N surplus). Based on these threshold
values, RI-NDVI or RI-RVI can be used to directly diagnose maize N status (RI-NDVI or RI-RVI).
Different N status diagnostic approaches were compared with areal agreement and kappa statistics [31].
The areal agreement is the percentage of plots that shared a common classification and the Kappa
statistics provides a more robust measure of how two classifications agreed compared with a “chance”
agreement and is, therefore, a more rigorous statistical indicator to compare two classifications.

3. Results

3.1. Variability of Spring Maize Nitrogen Status Indicators

The spring maize N status indicators varied greatly across different N rate treatments, growth
stages and site-years (Table 2). Across growth stages, the AGB was most variable, with CV of 78%,
followed by PNU (CV = 77%), LAI (CV = 64%), PNC (CV =25%) and NNI (CV = 24%). The validation
dataset had similar variability as the calibration dataset, except for PNU, which had slightly larger
variability than the calibration dataset (Table 2). For calibration dataset, the average LAI, AGB and
PNU increased from V5 to V10 crop growth stage, while the average PNC decreased from 39.0 g-kg !
at the V5 growth stage to 21.1 g-kg ! at the V10 stage. For a single growth stage, the PNU was most
variable. These results indicated that maize plant growth was significantly affected by N application
rates, and the large variability of these parameters made it a good dataset to evaluate the potential of
using GreenSeeker sensor for estimating maize N status.

3.2. Maize Grain Yield as Affected by Different Nitrogen Rates

Maize grain yield responded differently to N fertilizer application in different site-years (Figure 2).
Linear with plateau response curves were fitted to each site-year. In general, Site 1 was less responsive
to N fertilization than Site 2. It could produce 13.6 tha~—! grain yield in 2014 even without any N
fertilizer application and grain yield reached plateau (15.4 t-ha™') at 178 kg N ha~!. Yield was only
increased 1.8 t-ha~! by N fertilization. In 2015, yield with no N application was lower (9.5 t-ha~!)
and grain yield reached plateau (13.9 t-ha~!) at 121 kg-ha—!. The N fertilization increased yield by
4.4 tha~!. The grain yields without N application at Site 2 were only 4.2 tha~! and 2.7 tha~! in
2014 and 2015, respectively. They reached plateau (14.9 t-ha~! and 13.3 tha=! in 2014 and 2015,
respectively) at 137 kg-ha~! and 143 kg-ha~!, resulting in yield increase of 10.7 t-ha~! and 10.6 t-ha—!
by N fertilization in 2014 and 2015, respectively. Grain yield was lower in 2015 than in 2014 for both
sites, possibly due to the July drought in 2015 (Figure 1).

2014-sitel
2014-site2
2015-sitel
2015-site2
2014-sitel
2014-site2
2014-sitel
2015-site2

Grain yield (thal)

0 50

50 300 350
N1tro gen rate a-(g ha?)

Figure 2. Maize grain yield responses to N fertilizer application rates in different site-years.
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Table 2. Descriptive statistics of spring maize leaf area index (LAI), aboveground biomass (AGB), plant N concentration (PNC), plant N uptake (PNU) and N nutrition
index (NNI) for calibration and validation datasets at different growth stages across 2014 and 2015.

2. -2 a1 Teo—1 a1
Growth Stage LAI (m*-m™%) AGB (tha™") PNC (g-kg™) PNU (kg-ha™") NNI
Mean SD CV  Mean SD CV  Mean SD CV  Mean SD CV Mean SD CvV
Calibration dataset
V5 (n=72) 0.38 0.12 33 0.27 0.08 29 39.0 24 6 10.7 3.3 31
V6 (n=72) 0.84 0.25 30 0.72 0.19 26 35.0 3.8 11 25.5 7.8 31
V7 (n=72) 1.40 0.37 26 1.42 0.33 24 30.9 4.2 14 444 13.9 31 1.00 0.21 21
V8 (n =54) 1.95 0.44 23 2.16 0.51 23 26.9 4.2 16 59.5 19.8 33 1.07 0.25 24
V9 (n =54) 2.54 0.60 23 2.76 0.75 27 24.2 3.3 14 67.2 21.1 31 1.07 0.21 20
V10 (n =72) 3.09 0.69 22 3.94 1.20 30 21.1 45 22 83.9 34.1 41 1.11 0.32 29
Across all stages (1 = 396) 1.65 1.06 64 1.80 1.41 78 30.0 7.3 25 439 33.8 77 1.06 0.26 24
Validation dataset
V5 (n=24) 0.39 0.09 24 0.26 0.07 25 38.5 1.8 25 10.0 2.7 27
V6 (n =24) 0.88 0.3 34 0.72 0.21 30 35.1 3.7 11 25.6 8.9 35
V7 (n=24) 1.39 04 29 1.53 0.43 28 31.3 3.5 11 48.3 15.5 32 1.05 0.2 19
V8 (n =18) 1.95 0.45 23 2.37 0.65 28 27.6 44 16 66.8 25.0 37 1.14 0.3 26
V9 (n =18) 2.54 0.55 22 2.65 0.64 24 25.2 4.0 16 61.9 23.7 38 1.09 0.21 20
V10 (n = 24) 3.12 0.74 24 4.01 1.26 31 21.3 4.3 20 82.9 38.0 46 1.13 0.31 28
Across all stages (1 = 132) 1.63 1.03 64 1.85 1.45 78 30.3 7.0 23 61.1 51.1 84 1.10 0.26 25

Note: SD: standard deviation of the mean; CV: coefficient of variation (%).
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3.3. Evaluation of the Existing Critical Nitrogen Dilution Curve

When plotting PNC and AGB data together with the N, dilution curve (Figure 3), 84% of
N-limiting data points were below the curve and 97% of non-N-limiting data points were above
the curve (Figure 3a). From Figure 3b, it was obvious that N surplus dots were all above the N,
dilution curve, N deficient dots were all below the curve, and N optimal dots were all on or close to
the curve. These results indicated the validity of this critical N dilution curve for Lishu region.

40 40
—_ ' —Lietal., 2012 s —Liet al., 2012
W \e ¢ N-non-limiting 3T ¢ Nsurplus
=< ".. o N-limitin 0".. 0 N deficient
030 1 9 ‘e g 30 1 <)\ ¢ . o N optimal
= @ om\e
_g 25 2 25 |
=
j: 20 20
=
D
g 15 15 |
S

10 [ 10 -
4
E 5+t ° 5t °
=
= (a) (b)

0 L . L L L 0 L L L L L
0 3 6 9 12 15 18 0 3 6 9 12 15 18
Aboveground Biomass (tha™) Aboveground Biomass (tha™)

Figure 3. Evaluation of the existing critical N dilution curve for spring maize in Northeast China
using plant N concentration and biomass data under N-limiting and non-N-limiting conditions (a);
and under N deficient (nitrogen nutrition index (NNI) < 0.95), N optimal (0.95 < NNI < 1.05) and N
surplus (NNI > 1.05) conditions (b). The critical N dilution curve was developed for spring maize by
Li et al. [24] (N = 36.5 W—048),

The relationship between NNI calculated with the N curve and the relative grain yield was
expressed with a linear with plateau model, with R? of 0.87 (Figure 4). Based on this relationship,
for NNI > 0.96, relative grain yield reached a plateau, and was close to 1. This finding confirmed
the validity of the critical N curve and the resulting NNI was a reliable indicator of the N status of
spring maize.

10 f
<
& 0s f
A
c
3 06 |
v
&
s 04 |
3
w [ J
y=1835x-081 if NNI<0 96
0z o ¥=0955 if NNI>0 96
R2= 037
00
04 06 08 10 12 14 16
NNI

Figure 4. Relationships between relative grain yield and the N nutrition index (NNI) of spring maize.
The NNI data were averaged over all sampling dates (V7, V8, V9, and V10).
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3.4. Relationships between Vegetation Indices and Nitrogen Status Indicators

3.4.1. Leaf Area Index

Across growth stages and site-years, GreenSeeker NDVI and RVI were significantly correlated
with LAI (R? = 0.90 and 0.87, respectively), but the NDVI became saturated when LAI reached
2 m?2-m~2 and was almost invariant when LAI was larger than 3 (Figure 5a). However, this saturation
effect was not found for RVI at moderate to high LAI values up to the V10 stage (Figure 5b).

In this study, we collected data at different growth stages (V5 to V10), but considering the
difficulty of distinguishing adjacent growth stages very accurately under on-farm condition by farmers,
we combined two adjacent growth stages together (V5-V6, V7-V8, and V9-V10). The relationships
between GreenSeeker VIs and LAI decreased from R? of 0.66-0.67 at the V5-V6 growth stages to 0.58-0.59
at the V7-V8 growth stages and further down to 0.44-0.48 at the V9-V10 growth stages (Table 3).

The above models describing relationships between VIs and N status indicators were further
evaluated with the validation dataset (Table 4). Across different growth stages, the NDVI and RVI
models performed similarly for predicting LAI (R? = 0.89 and 0.87, respectively), with similar RMSE
and RE (Table 4; Figure 6a,b). The model for V7-V8 growth stages performed better than those for
V5-V6 and V9-V10 growth stages, with the highest R? and the lowest RE.

5.0 5.0
y = 0.04¢479% (a) y =0.148x 1105 (b)
40 F R*2=0.90 M4 40
& 30 E 30
E E
= 20 "Vs = 2.0
570 [eve 5
°V7
1.0 F-V8 1.0
*V9
00 LVIO, 0.0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 5.0 10.0 15.0 20.0 25.0
NDVI RVI

Figure 5. Relationships between leaf area index (LAI) and GreenSeeker sensor-based normalized
difference vegetation index (NDVI) (a) or ratio vegetation index (RVI) (b) across V5 to V10 growth
stages in 2014-2015.

Table 3. Coefficients of determination (R?) for the relationships between GreenSeeker indices
(normalized difference vegetation index (NDVI) and ratio vegetation index (RVI)) and spring maize
leaf area index (LAI), aboveground biomass (AGB), plant N concentration (PNC) and plant N uptake
(PNU) at different growth stages across 2014 and 2015.

LAI (m?-m~2) AGB (tha=!)  PNC(gkg™!) PNU (kgha™?)
Model * R? Model R? Model R? Model R?

Growth Stage Index

V5-V6 NDVI E 0.67 E 0.66 Q NS E 0.67

RVI P 0.66 Q 0.63 Q NS P 0.65

V7-V8 NDVI Q 0.58 Q 0.54 Q 0.24 Q 0.60

RVI Q 0.59 Q 0.57 Q 0.21 Q 0.60

V9-V10 NDVI Q 0.44 E 0.38 P 0.13 E 0.50

RVI P 0.48 P 0.42 P 0.11 P 0.52

Across all stages NDVI E 0.90 E 0.89 Q 0.46 E 0.83
RVI P 0.87 P 0.87 L 0.46 P 0.84

Note: * E, P, Q and L stand for exponential, power, quadratic and linear models, respectively. NS stands for
not significant.
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Table 4. Validation results of the GreenSeeker sensor-based indices (normalized difference vegetation index (NDVI) and ratio vegetation index (RVI)) for estimating
spring maize leaf area index (LAI), aboveground biomass (AGB), plant N concentration (PNC) and plant N uptake (PNU) at different growth stages across 2014

and 2015.
LAI AGB (tha™1) PNC (gkg™h) PNU (kg-ha™?)
Growth Stage Index g Kg g

R?  RMSE (m?>m~?) RE R? RMSE(tha™) RE R?> RMSE(gkg ) RE R?> RMSE(kgha™!) RE
V5-V6 NDVI  0.75 0.18 281  0.69 0.16 329 NS 3.33 91 070 5.04 28.3
RVI 075 0.18 285  0.66 0.16 335 NS 3.32 9.0 067 5.17 29.0
V7-V8 NDVI  0.80 0.25 154 068 0.41 219  0.14 3.92 132 070 12.74 22.8
RVI 081 0.24 149 072 0.40 21.0  0.10 4.18 140 074 11.91 21.3
V9-V10 NDVI  0.53 0.49 172 041 0.96 282 0.12 4.30 187 047 22,67 29.2
RVI 055 0.49 173 045 0.93 27.3 007 4.43 193 046 22.84 29.4
All stages NDVI  0.89 0.35 215  0.83 0.61 32.8 047 5.11 169 0.80 16.8 34.6
RVI 087 0.35 214 0.84 0.56 304 047 5.10 169 078 16.6 34.2

RMSE: root mean square error; RE: relative error, RE in %.
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Figure 6. Relationships between the predicted and observed spring maize leaf area index (LAI) (a,b);
aboveground biomass (AGB) (c¢,d); plant N concentration (PNC) (e,f); and plant N uptake (PNU)
(g/h) for the validation dataset (n = 132) using the established model across growth stages with
GreenSeeker sensor-based indices (normalized difference vegetation index (NDVI) and ratio vegetation

index (RVI)). Black and red lines indicate the regression and the 1:1 lines, respectively.

3.4.2. Aboveground Biomass

Across growth stages and site-years, GreenSeeker-based VIs were highly related to AGB
(R? = 0.87-0.89) (Table 3), however, NDVI became saturated when AGB > 3 t-ha~! (Figure 7a).
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The average AGB increased to 2.76 t-ha~! at the V9 stage, and further increased to 3.94 tha—! at
the V10 stage, which indicated that NDVI should only be used before the V10 stage.

7.0 7.0
6.0 y = 0.019¢579x @ 6.0 y =0.093x!338 (b)
R2=0.89 3 R*=0.87 Too 4
k2
50 ? 50 - 5
240 a0 .
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Figure 7. Relationships between aboveground biomass (AGB) and GreenSeeker sensor-based
normalized difference vegetation index (NDVI) (a) or ratio vegetation index (RVI) (b) across V5
to V10 growth stage in 2014-2015.

The R? for the relationships between GreenSeeker indices and AGB decreased from 0.63-0.66 at
the V5-V6 growth stages to 0.54-0.57 at the V7-V8 growth stages, and further down to 0.38-0.42 at the

V9-V10 growth stage (Table 3), similarly as LAL
Validation results indicated that NDVI and RVI models could predict AGB well across all growth

stages, with R?, RMSE and RE being 0.83-0.84, 0.56-0.61 tha~! and 30%—33%, respectively (Table 4;
Figure 6¢,d). The GreenSeeker indices performed better at V7-V8 than V5-V6 and V9-V10 growth

stages, in terms of R? and RE.

3.4.3. Plant Nitrogen Concentration

Across growth stages and site-years, the GreenSeeker NDVI and RVI were negatively related
to PNC, with the relationships being quadratic and logarithmic (R?> = 0.46), respectively (Table 3,
Figure 8a,b). The validation results indicated that the NDVI and RVI models performed similarly as

the calibration dataset (R? = 0.47) (Figure 6e,f).
At specific growth stages, the GreenSeeker indices were either not or very weakly related to PNC

(R? < 0.25) (Table 3), and the validation results were also very poor (R? < 0.15) (Table 4).

50 50
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Figure 8. Relationships between plant N concentration (PNC) and GreenSeeker sensor-based
normalized difference vegetation index (NDVI) (a) or ratio vegetation index (RVI) (b) across V5
to V10 growth stages in 2014 and 2015.
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3.4.4. Plant Nitrogen Uptake

Across growth stages and site-years, the GreenSeeker NDVI and RVI were positively related to
PNU, with R? being 0.83 and 0.84, respectively (Table 3; Figure 9a,b). This is similar to the results
reported for winter wheat (R? = 0.78-0.82) [5,32], and slightly better than rice (R? = 0.70-0.73) [19].

200 200

y = 0.64¢7391x (a) y = 2.629x!269 (b)
0 | R2=0.83 . 160 |~ Re=0.84

120 120

80 [ eV5 80 |

*V6
oV7
40 oy
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- VIO |
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PNU (kg ha')

40

0
0.0 0.2 0.4 0.6 0.8 1.0 0.0 5.0 10.0 15.0 20.0 25.0
NDVT RVI

Figure 9. Relationships between plant N uptake (PNU) and GreenSeeker sensor-based normalized
difference vegetation index (NDVI) (a) or ratio vegetation index (RVI) (b) across V5 to V10
growth stages.

For specific growth stages, the GreenSeeker indices performed slightly better at V5-V6
(R? = 0.65-0.67) and V7-V8 (R? = 0.60) than V9-V10 growth stages (R? = 0.50-0.52) for estimating PNU
(Table 3). The decreasing performance was caused by the saturation effect as with AGB. The NDVI
became saturated when PNU was about 80 kg-ha~! (Figure 9a). The validation results indicated that
GreenSeeker NDVI and RVI models could predict PNU well across site-years and growth stages,
with similar R? (0.78-0.80), RMSE and RE (Table 4; Figure 6g,h). For specific growth stages, the models
performed better at the V5-V6 (R? = 0.67-0.70) and V7-V8 (R? = 0.70-0.74) stages than at the V9-V10
stage (R? = 0.46-0.47).

3.4.5. Nitrogen Nutrition Index

The GreenSeeker VIs were more strongly related to NNI at V7-V8 (R? = 0.51-0.55) than at V9-V10
growth stages (R? = 0.44-0.45). However, unlike the other N status indicators, the relationships were
weaker across growth stages (R? = 0.33-0.36) than at specific stages (Table 5). The validation results
showed similar patterns (Table 6). In this study, RI values calculated with GreenSeeker NDVI (RI-RVI)
and RVI (RI-RVI) were more strongly related to NNI than the original VIs with relatively more stable
performance (R? = 0.56-0.68) (Table 5; Figure 10a—d). The validation results confirmed this observation
(Table 6; Figure 10e-h).

Table 5. Coefficients of determination (R?) for the relationships between spring maize N nutrition
index (NNI) and GreenSeeker sensor-based indices (normalized difference vegetation index (NDVI)
and ratio vegetation index (RVI)) and response indices (RI-NDVI and RI-RVI) at different growth
stages across 2014 and 2015.

Growth Stage Index  Model * R? Index Model R?
V7-V8 NDVI P 0.55 RI-NDVI P 0.68
RVI P 0.51 RI-RVI P 0.63
V9-V10 NDVI E 0.45 RI-NDVI P 0.56
RVI P 0.44 RI-RVI P 0.63
Across stages NDVI P 0.36 RI-NDVI P 0.60
RVI P 0.33 RI-RVI P 0.62

Note: * E and P stand for exponential and power models, respectively.
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Figure 10. Relationships between N nutrition index (NNI) and GreenSeeker sensor-based normalized
difference vegetation index (NDVI) (a); ratio vegetation index (RVI) (b); response index based on
NDVI (RI-NDVI) (c) or RVI (RI-RVI) (d) across V7 to V10 growth stages, and validation results for the
prediction of NNI using NDVI (e); RVI (f); RI-NDVI (g); and RI-RVI (h). Black and red lines indicate
the regression and the 1:1 lines, respectively.
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Table 6. Validation results for the estimation of spring maize N nutrition index (NNI) using GreenSeeker
sensor-based indices (normalized difference vegetation index (NDVI) and ratio vegetation index (RVI))
and response indices (RI-NDVI and RI-RVI) at different growth stages across 2014 and 2015.

Growth Stage  Index R? RMSE  RE (%) Index R? RMSE  RE (%)

V7-V8 NDVI 0.62 0.16 14.4 RI-NDVI  0.66 0.14 13.3
RVI 0.62 0.15 14.2 RI-RVI 0.60 0.15 14.0

V9-V10 NDVI 0.45 0.20 18.4 RI-NDVI  0.62 0.18 16.0
RVI 0.41 0.21 19.2 RI-RVI 0.66 0.17 15.2

Across stages NDVI 0.36 0.21 19.2 RI-NDVI  0.59 0.17 15.2
RVI 0.33 0.22 19.6 RI-RVI 0.56 0.17 15.6

3.5. Evaluating Different Nitrogen Status Diagnostic Approaches

To evaluate the diagnosis accuracy of these different approaches, the experimental plots were
divided into three classes: N deficient, N optimal and N surplus based on destructively measured NNI
and the threshold values proposed in this study. The diagnosis results of different approaches were
compared with the results based on measured NNIL

The results indicated that the RI-NDVI approach performed the best at the V7-V8 growth stages,
with the diagnosis accuracy rate of 81% and kappa statistics of 0.66. The NNI-RI-NDVI approach
was the second best approach at the V7-V8 growth stages with the diagnosis accuracy rate of 76%
and kappa statistics of 0.56. At the V9-V10 growth stages, the different approaches had similar
accuracy rate (67%-71%) with the RI-RVI approach having the highest kappa statistics (0.52) (Table 7).
The strength of the agreement can be classified as fair, moderate and substantial if the Kappa statistics
is 0.21-0.40, 0.41-0.60 and 0.61-0.80, respectively [33,34]. Therefore, all of these approaches performed
moderately or substantially well at the V7-V8 growth stages while all of the approaches performed
moderately well at the V9-V10 growth stages except the NNI-PNC-NDVI and NNI-PNU-NDVI
approaches (Table 7).

Table 7. Areal agreement and Kappa statistics for different N status diagnostic approaches at different
growth stages across 2014 and 2015.

Areal Agreement Kappa Statistics

Approach
V7-Vv8  V9-V10 V7-V8  V9-V10

NNI-PNC-NDVI 69 67 0.47 0.39
NNI-PNC-RVI 69 71 0.45 0.44
NNI-PNU-NDVI 67 67 0.42 0.36
NNI-PNU-RVI 67 69 0.43 0.45
NNI-NDVI 69 69 0.48 0.41
NNI-RVI 67 69 0.44 0.45
NNI-RI-NDVI 76 71 0.56 0.46
NNI-RI-RVI 71 71 0.49 0.48
RI-NDVI 81 71 0.66 0.48
RI-RVI 69 71 0.43 0.52

Note: NNI-PNC-NDVI and NNI-PNC-RVI: the approaches using GreenSeeker sensor-based NDVI and RVI
to estimate PNC and biomass, and then to estimate NNI indirectly; NNI-PNU-NDVI and NNI-PNU-RVI:
the approaches using GreenSeeker sensor-based NDVI and RVI to estimate PNU and biomass, and then
to estimate NNI indirectly; NNI-NDVI, NNI-RVI, NNI-RI-NDVI, and NNI-RI-RVI: the approaches using
GreenSeeker sensor-based NDVI, RVI, RI-NDVI and RI-RVI to estimate NNI directly; RI-NDVI and RI-RVI:
the approaches using GreenSeeker sensor-based RI-NDVI and RI-RVI to diagnose spring maize N status directly.

4. Discussions

If crop NNI can be non-destructively estimated at key growth stages during the growing season,
it will make significant contributions to the development of PNM strategies. The GreenSeeker active
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sensor has been evaluated for in-season estimation of winter wheat and rice NNI [5,19]. Maize is
a row crop and much taller than wheat and rice. How well can maize NNI be estimated using the
GreenSeeker sensor? Of the different approaches that can be taken for non-destructive estimation of
crop NNI, which one will work best for in-season N status diagnosis of spring maize? This study was
conducted to answer these questions.

4.1. Non-Destructive Estimation of Spring Maize Nitrogen Nutrition Index

In this study, five approaches were evaluated for estimating spring maize NNI. The first two
approaches can be classified as mechanistic methods and the rest three approaches can be classified as
semi-empirical methods, according to Chen [16].

The first mechanistic method to NNI estimation is NNI-PNC-NDVI (or RVI), which requires the
estimation of AGB and PNC. The results of this study indicated that AGB could be estimated well using
GreenSeeker sensor across V5 to V10 (R? = 0.87-0.89). However, NDVI became saturated at the V10
stage when AGB was greater than 3 t-ha~!. This should not limit its practical applications because most
N management strategies recommend side-dressing N fertilizers to be applied before the V10 stage.
High clearance fertilizer application machines will be needed at later growth stages and yield losses
may occur. Thomason et al. [22] found a liner plus plateau relationship between GreenSeeker NDVI and
maize biomass across growth stages from V5 to V9 growth stages and NDVI reached a plateau at 0.82.
Other researchers also reported the saturation effects of NDVI for winter wheat [5,32,35] and rice [19,36].
The saturation effect of NDVI was mainly due to the canopy closure, the differences in penetration into
the canopy between visible light (R) and NIR, and the normalization effect embedded in the calculation
formula of this index [37]. The saturation effect could be reduced using VIs with wavebands of similar
penetration into crop canopy or using ratio indices [37], as indicated by the relationship between AGB
and RVI up to about 6 t-ha—! (Figure 7b). Previous research indicated that RVI did not become saturated
even after AGB reached 6 t-ha—!, but the relationships became more scattered [5,19]. Nguy-Robertson
et al. [38] also reported that the NDVI index was most sensitive to LAI below 2 m?-m~2, while ratio
indices (e.g., RVI) were most sensitive to LAI above this threshold. They suggested that NDVI and
RVI should be combined for estimating LAI for improved sensitivity [38]. This possibility should be
evaluated for estimating maize AGB.

Maize PNC was slightly better estimated using the GreenSeeker sensor across growth
stages (R? = 0.46) than the results previously reported for rice (R*> < 0.40) [19] and winter wheat
(R? = 0.08-0.41) [5]. The results for specific growth stages were much worse. Such results confirmed
the difficulty to reliably estimate PNC at early crop growth stages before canopy closure, mainly
because AGB increases faster than the plant uptake of N during this period and dominates canopy
reflectance [5,19,39]. The influence of the soil background may not be a problem, because the active light
intensity decreases with measuring distance and follows the inverse square law, and the GreenSeeker
sensing depth was confined to the upper canopy layer [40]. It has been found that the canopy
chlorophyll content index (CCCI) based on the theory of two-dimensional planar domain was highly
related to summer maize PNC at the V6-V7 growth stages (R? = 0.65-0.68) [41]. This integrated index
uses NDVI as a surrogate for ground cover to separate soil signal from plant signal and normalized
difference red edge (NDRE) as a measure of canopy N status, thus allowing a relative measure of plant
N status while minimizing the influence of ground cover [42]. Li et al. [41] used passive hyperspectral
reflectance data to simulate the bands of active sensor Crop Circle ACS 430, and calculated CCCIL.
However, it should be noted that the passive canopy sensors can detect the N status of the entire
maize foliage, while active optical sensors can only detect the upper canopy layer [40]. Therefore,
the performance of AOS-based CCCI for estimating maize PNC has yet to be confirmed.

The estimation of PNC can also be improved using hyperspectral remote sensing. Chen et al. [43]
proposed a new spectral index, Double-peak Canopy Nitrogen Index (DCNI), which worked well for
estimating maize PNC (R? = 0.72). Cilia et al. [9] used aerial hyperspectral remote sensing and found
an integrated index, Modified Chlorophyll Absorption Ratio Index/Modified Triangular Vegetation
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Index 2 (MCARI/MTVI2), performed well for estimating maize PNC (R? = 0.59), and they used
this mechanistic method to estimate maize NNI (R? = 0.70). Chen [16] also found that when using
hyperspectral canopy sensing, this mechanistic method worked very well for winter wheat NNI
estimation (R? = 0.82-0.94 for validation results).

The second approach is NNI-PNU-NDVI (or RVI), which is also a mechanistic method requiring
the estimation of AGB and PNU. Maize PNU was well estimated across growth stages (R? = 0.83-0.84),
but GreenSeeker NDVI became saturated when PNU reached about 80 kg-ha~!, which was lower than
the values reported for rice (about 100 kg-ha~!) [19] and winter wheat (131-135 kg-ha=!) [5,32]. Perhaps
this threshold value was affected by the plant height. Maize plants are much taller than rice and winter
wheat and the GreenSeeker sensor can only sense the upper canopy layer [40]. Freeman et al. [44]
found a new index, NDVI x Plant height, to be an excellent predictor of maize PNU and performed
well in later growth stages (V11-R1 growth stages). This should be investigated to overcome the
saturation problem of NDVI. This mechanistic method has also been taken for rice NNI estimation [10].

The third approach is NNI-NDVI (or RVI), which is a semi-empirical method. The results of this
study indicated that maize NNI was better estimated using the GreenSeeker sensor at specific growth
stages than across growth stages. This agreed with previous results reported for other crops [5,16,19].
For rice, GreenSeeker VIs were moderately related to NNIT at stem elongation (R? = 0.25-0.34) and
heading (R? = 0.30-0.31) stages, but only weekly across growth stages (R? = 0.07-0.11) [19]. For winter
wheat, the R? values for the relationships between GreenSeeker VIs and NNI were 0.52-0.54, 0.55-0.64
and 0.44-0.47 at Feekes growth stages 4-7, 8-10, and across growth stages, respectively [5]. This may
be due to the fact that NNI is a relative value not significantly influenced by growth stages while
GreenSeeker NDVI and RVI are significantly related to AGB, which increases very fast at the vegetative
growth stages. The sensitivity to the influence of phenology (or growth stages) will limit the practical
application of this semi-empirical method for NNI estimation [16].

The fourth approach, NNI-RI-NDVI (or RVI), is also a semi-empirical method, but it performed
consistently well either across growth stages or at specific growth stages (R? = 0.56-0.68). The Rl is a
relative value normalized by the well-fertilized reference plots, which have been commonly used to
reduce the influence of other confounding factors on sensor-based N status diagnosis and eliminate
the need to develop site-specific calibrations [45]. A similar approach using relative CM readings was
used to improve estimation of maize NNI in Canada [13]. This approach effectively overcame the
influence of phenology on the performance of the first semi-empirical approach for estimating NNL

4.2. In-Season Non-Destructive Diagnosis of Maize N Status

After maize NNI is non-destructively predicted, it is necessary to determine the threshold values.
Based on the relationship between relative yield and NNI (Figure 4), the NNI thresholds of <0.95,
0.95-1.05, and >1.05 were proposed to indicate deficient, optimal, and surplus N status. The lower
threshold value of 0.95 was chosen with the consideration to be on the conservative side and grain
yield would not be reduced significantly. These threshold values were the same as those proposed
by Huang et al. [10] for rice and were more suitable for this study than the thresholds proposed by
Cilia et al. [9] for maize. If the lower threshold value of 0.9 as proposed by Cilia et al. [9] was adopted,
the relative yield would be 0.84, which was 16% yield reduction compared with 100% relative yield
or it would be 0.88 compared with 95.5% relative yield (when NNI was >0.96), which was 12% yield
reduction. This would not be acceptable to farmers. Such threshold values may need to be adjusted for
different regions.

Based on the predicted NNI using the four approaches discussed previously and the NNI
threshold values, maize N status can be diagnosed. The results of this study indicated that
the NNI-RI-NDVI approach performed the best at the V7-V8 stage, with accuracy rate of 76%.
The fifth approach used the relationship between NNI and RI-NDVI (or RI-RVI), and determined the
corresponding threshold values of RI-NDVI (or RI-RVI) when NNI was 0.95 and 1.05. Such RI-NDVI
(or RI-RVI) threshold values can be used directly for N status diagnosis without the need to predict
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NNI. The results of this study indicated that the RI-NDVI approach performed even better than
NNI-RI-NDVI at the V7-V8 stage, with the accuracy rate of 81%. The RI was proposed by Johnson
and Raun [46] to predict the crop response to additional N fertilizer application and previous research
results indicated that RI-NDVI and grain yield at harvest were significantly correlated [47,48].
At the V9-V10 stages, all the five approaches performed similarly. These results indicated that
the RI-NDVI approach was a reliable and simple approach that can be easily adopted by farmers.
More studies are needed to determine if these threshold values are applicable across diverse on-farm
conditions in Northeast China.

4.3. Implications for Precision Nitrogen Management of Spring Maize

The N fertilizer application rates by farmers varied significantly from farmer to farmer with
the proportion of under-application, optimum rate and over-application being about 1/3 each,
respectively [4]. The first step to improve the farmer’s N management is to recommend a regional
optimum N rate (RONR). A moderate amount of the RONR can be applied as basal fertilizer,
and AOS can be used to diagnose the crop N status before side-dressing N application and the
actual side-dressing N rate can be adjusted based on the N status diagnosis results [18]. Although the
critical N dilution curve for spring maize in Northeast China has been established [24], it is still not
practical to use NNI for in-season site-specific N status diagnosis.

The results of this study indicated that the GreenSeeker AOS could be used to estimate spring
maize NNI non-destructively, especially using RI-NDVI or RI-RVI. The diagnosis accuracy rate was
acceptable at V7-V8 and V9-V10 growth stages (71%—-81%). The V7-V8 stage was the optimum stage
recommended for side-dressing N application. Sometimes it can be delayed to V9-V10 stage due to bad
weather or labor shortage. Theoretically, the normalization of GreenSeeker VIs using the well-fertilized
reference plots or strips in the form of RI will eliminate the need for site-specific calibrations of
the established relationships or models and this would greatly facilitate the application of NNI for
in-season site-specific N status diagnosis. Based on the results of this study;, it is recommended that
RI-NDVI should be used to diagnose maize N status directly at V7-V8 growth stages while either
RI-NDVI or RI-RVI can be used at the V9-V10 growth stages. This makes it more practical and
convenient to use the sensors for in-season N status diagnosis without the need to estimate NNI
after the threshold values are established. Further studies are needed to evaluate these threshold
values and determine how many N rich strips should be used, how they should be arranged, and how
to account for the variability within the reference strip(s) [49], especially under small scale Chinese
farming systems.

After maize N status is determined, the side-dressing N rate of the RONR can be increased or
decreased by a fixed amount if the crop N status is N deficient or N surplus. A more quantitative
approach proposed by Huang et al. [10] is to use remote sensing technology to estimate biomass
and PNU before side-dressing N application, and the difference between PNU and PNU, can be
calculated. The final side-dressing N application rate can be calculated as side-dressing N rate of
RONR—(PNU-PNU,). In addition to the NNI approach, the side-dressing N application rate can
be determined using the N fertilizer optimization algorithm [50] or empirical relationships between
relative sensor readings and side-dressing N rates [51].

Cilia et al. [9] evaluated an aerial hyperspectral remote sensing approach to estimate maize NNI
at V10 growth stage. They suggested to use remote sensing technology to estimate maize biomass
(R? = 0.80) and PNC (R? = 0.59), NNI can be calculated using the estimated PNC and the calculated
Nc. They found that the mean NNI estimated for each field parcel was significantly correlated with
the NNI determined destructively (R% = 0.70). Our results indicated that similar results could be
achieved with the GreenSeeker sensor. For large area applications of the proposed approaches, satellite
or aerial remote sensing technologies may be more practical. However, images cannot be obtained
under bad weather or cloudy conditions which can limit their on-farm applications. The active sensing
systems don’t have such limitations. They have been installed on fertilizer application machines and
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on-the-go sensing and variable rate side-dressing N application have already been conducted [51].
Such N sensing and fertilizer application systems need to be developed and evaluated in China. Future
research also needs to investigate the potential of improving spring maize N status diagnosis using
active canopy sensors with red edge band like Crop Circle ACS-470 or Crop Circle ACS-430 sensors
(Holland Scientific, Lincoln, NE, USA) [5,41].

Although active sensors are advantageous since they are not influenced by the ambient light
conditions, their disadvantages of reducing light intensity with measuring distance cannot be ignored,
especially for tall row crops [40,52]. The measuring distance between the GreenSeeker sensor and
the crop canopy should be maintained in the range of 0.7-1.4 m to collect stable sensor readings [52].
The Crop Circle ACS-430 sensor has a unique feature that the reflectance data collected by this sensor
are not affected by measuring distance in the range of 0.3-2.0 m. It also has a red edge band, in addition
to red and NIR bands. A recent study indicated that the GreenSeeker VIs were not significantly related
to rice yield or rice yield responsiveness to N fertilization at the heading stage, while red edge-based
VIs obtained with Crop Circle ACS-470 sensor were still significantly related to these parameters
(R? = 0.68-0.75) and effectively overcame the saturation problem of NDVI [53]. More studies are
needed to determine the potential of Crop Circle sensor to improve crop N status diagnosis and
side-dressing N recommendation for maize.

One thing to be noted is that only two plant samples were collected from each plot in this study,
due to the challenge to collect large number of maize plant samples with high frequencies. Care
was taken to determine plant height and leaf age of five randomly selected plant samples in each
plot and use this information as reference to select two representative plant samples for destructive
sampling and analysis. Chen et al. [54] also collected three maize plants in their research. Even so,
future research should consider increasing sampling size to minimize errors.

5. Conclusions

This study evaluated the potential of using GreenSeeker active optical sensor for estimating
N status indicators of spring maize in Northeast China and evaluated different N status diagnostic
approaches based on estimated NNI via GreenSeeker sensor measurements. The results of this study
indicated that the recently established critical N dilution curve was suitable for applications in spring
maize N status diagnosis in Northeast China. The GreenSeeker sensor-based VIs (NDVI and RVI)
were significantly related to LAI (R?> = 0.87-0.90), AGB (R? = 0.87-0.89) and PNU (R? = 0.83-0.84)
across growth stages. However, NDVI became saturated when LAI > 2 mZm~—2, AGB >3 tha~!or
PNU > 80 kg-ha~!, while no obvious saturation effect was found with RVI. The GreenSeeker sensor
performed better for estimating these parameters at V5-V6 and V7-V8 than at V9-V10 growth stages.
The GreenSeeker indices were very weakly related to PNC at specific growth stages and were better
related to PNC across growth stages (R? = 0.46). The response index calculated with GreenSeeker NDVI
(RI-NDVI) and RVI (RI-RVI) were more stable and strongly related to NNI either at specific growth
stages or across growth stages (R? = 0.56-0.68) than NDVI and RVI (R? = 0.33-0.55). The N status
diagnosis results indicated RI-NDVI could be used to diagnose spring maize N status directly with the
diagnosis accuracy rate of 81% and 71% at V7-V8 and V9-V10 growth stages, respectively. We conclude
that the GreenSeeker active optical sensor can be used to estimate spring maize nitrogen nutrition
index non-destructively across V7 and V10 growth stages under experimental conditions with variable
N supplies. The response indices calculated with GreenSeeker NDVI and RVI can be used to diagnose
spring maize N status directly at V7-V8 and V9-V10 growth stages. More studies are needed to further
evaluate this approach under diverse on-farm conditions and develop site-specific side-dressing N
recommendation methods.
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