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Abstract. This paper presents a method to assess nitrogen levels, a
nitrogen nutrition index (NNI), in corn crops (Zea mays) using multi-
spectral remote sensing imagery. The multispectral sensors used were
four spectral bands only. The experiments were compared with nitrogen
levels sensed in the field. The corn crops were divided into three nitrogen
fertilization levels (70, 140 and 210 kgN · ha−1) into three replicates. In
this sense, we propose a method to infer nitrogen levels in corn crops by
using airborne multispectral sensors and machine learning techniques.
The presented results offered a simple model to estimate nitrogen with
low-cost technologies (UAVs and multispectral cameras only) in small to
medium size areas of corn crops.

1 Introduction

Nitrogen (N) is one of the most important nutrients in agriculture to improve the
crop yield. In corn crops is especially important. Furthermore, the appropriate
dosage is also important since it can be a waste the excess of applying N in
crops, but the lack of N implies a compromise in the yield. In this sense, it is
important the usage of low-cost strategies to infer the N requirements in order
to do a positive impact in the correct supply of N. In addition, it is well known
that the excessive use of fertilizers (including N) should be avoided to minimize
environmental impacts [3].

For this purpose, N critical concentration term (%Nc) was proposed and used
in several articles to estimate the minimum amount of nitrogen required for each
crop to produce the maximum aerial biomass at a given time [7,10,11].

Several authors have shown that %Nc declines as a function of aerial biomass
accumulation (W) [1]. Several models have been proposed to estimate N critical
concentration. In this paper, the Nc − W model by [11] was used in order to
estimate the N critical as a decreasing function of biomass (W). The rule is:
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If W < 1 t/ha, Nc = 3.40 (1)
If 1 t/ha ≤ W ≤ 22 t/ha, Nc = 3.40W−0.37 (2)

The Nitrogen Nutrition Index (NNI) is the ratio between the actual nitrogen
concentration (%Na) and the ideal N concentration (%Nc) of a crop having the
same biomass and whose growth is not limited by N availability [8].

NNI =
Na

Nc
(3)

From Eqs. 1–3, we can say that: NNI = f(Na,W) only if W ≤ 22 t/ha since
W > 22 t/ha is not defined.

The Nitrogen concentration is estimated by hyperspectral indices [3] in
plants. In this paper, a method with low-cost multispectral cameras is shown
for a specific crop (corn). In this sense, several vegetation indices (VIs) have
been used to estimate biophysical variables.

Different variables have been used to characterize the nitrogen status of a
crop in order to support a decision in fertilization management. Among them,
the most popular are the chlorophyll content measurements of the leaves [5].

The main objective of this paper is to assess the nitrogen nutrition in maize
crops using multispectral sensors only and machine learning, avoiding the tradi-
tional method by estimating nitrogen with higher cost solutions like destructive
methods, chlorophyll measurements, studies of soil, among others.

For this purpose, we present in this paper two similar methods to estimate
NNI values:

1. Estimate the NNI by its theoretical formula with multispectral sensors and
biomass data (W ).

2. Estimate the NNI directly by multispectral sensors with machine learning
techniques.

At the end, we want to compare these two methods in order to measure
the best scenario in terms of accuracy. Ground truth information is provided
by measurements of biomass and nitrogen levels produced in a field laboratory.
The cheapest scenario is the second since it implies a straightforward infer-
ence: we only need multispectral indices and some nitrogen ground truth values.
Each pixel of the multispectral images is represented as a function of the form
Y ≈ f(X,β), where X represents the information provided by the multispectral
sensors and β are the parameters of the model. It is noteworthy to say that,
this model is created for corn crops and the model should be adjusted to oth-
ers crops since the levels of %Nc for other crops are different. In addition, the
method works in similar regions (similar sea level, latitude, and longitude). The
soil type in the region also implies a difference in the study.

2 Materials and Methods

Nine corn plots 25m×5m were considered. Each block has one kind of nitrogen
treatment. Three blocks with 70 N · ha−1, other three blocks with 140 N · ha−1
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(which is considered as a normal treatment) and 210 N · ha−1 (which is consid-
ered excessive). The crops were considered as temporal. In this sense, additional
irrigation was not provided.

The field was sown on June 1, 2016, and the N was applied on July 31, 2016.
Two flights with the cameras were done on August 9 and September 2, 2016.
A field management plan can be viewed on Fig. 2.
The imagery was captured with easy-acquiring cameras in RGB channels

(by a GoPro camera), and NIR band was obtained by a low-cost MaPIR-NIR
camera. The composition was performed in Pix4D software. The reason about
the usage of a GoPro camera is the weight for the quad-copter. Other cheaper
cameras can also be used.

We used two airborne quad-copters equipped with the cameras in two dif-
ferent flights (one by each camera) since the cameras have different exposition
times. One of the quad-copters is illustrated in the Fig. 1.

Fig. 1. One of the quad-copters considered (named as “Q1”). Each model requires
one li-po battery which perform until 15 min of flight. However, to preserve life of the
battery, each flight with the cameras was performed in less than 6 min.

The process to compose the map was conducted with the Datamapper soft-
ware in order to obtain the ortho-mosaic.

Several multispectral vegetation indices were used. These indices are sum-
marized in the Table 1.

Reflectance for each band (red, green, blue and near-infrared) was obtained
with the calibration procedure described in [9]. Reflectance values are given by:

RT (θt) =
DNT (t)
DNR(t0)

RR(θt0) (4)

where t is time during a flight, t0 is the time before to the flight and DNT

means digital numbers viewing the crops, DNR are digital numbers viewing
the reference panel, θt is the solar zenith angle at the time t, and RR is the
reflectance factor of the reference panel. This procedure is important to normalize
the multispectral data in order to reduce the bias originated by the sun position.
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Fig. 2. Nine plots of corn were considered. Three different treatments were applied. In
the image, ND is a region with a deficient treatment of N (70 N ·ha−1). NA is adequate
(140 N · ha−1), and NE is excessive (210 N · ha−1).

2.1 Estimating NNI with Formula

This estimation considers the traditional formula of NNI, where NNI is a
ratio between the %Na and the %Nc concentration. In this sense, nine %Na

ground truth values were taken from leaves with destructive methods. %Nc were
obtained by a regression model and the biomass ground truth values. In the first
step, W is estimated by a random forest regression and the Nc is inferred from
the Eqs. 1 and 2.

A block diagram of this proposed method is illustrated in the Fig. 3.
For testing, four bands were required as inputs: Red, Blue, Green and NIR.

the vegetation indices of the Table 1 are calculated automatically from the four
bands.

2.2 Estimating NNI with Machine Learning Techniques

This method is more straightforward (Fig. 4). The estimation is based on a ran-
dom forest regression method [2] with the NNI ground truth values as labels. The
inputs are the same: RGB-Nir values and the vegetation indices from the Table 1.
Others methods like SVM (espilon-SVR regression with RBF as base kernel),
Multilayer Perceptron (the number of hidden layers was equal to the number of
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Table 1. Multispectral vegetation indices that were used in the experiments.

Index name Formula Reference

NDVI NIR−R
NIR+R

[14]

GNDVI NIR−G
NIR+R

[4]

OSAVI NIR−R
NIR+R+0.16

[13]

NGRDI G−R
G+R

[16]

MTVI2 1.8(NIR−G)−3.75(R−G)√
(2NIR+1)2−6(NIR−5

√
R)−0.5

[6]

Fig. 3. Block diagram of the Formula-Based model. Na and Nc are estimated with
ML techniques. Nc requires an extra step: the estimation is obtained from biomass
and biomass is estimated from four bands and vegetation indices like MTVI.

Fig. 4. Block diagram of the machine learning model. This method is a short way to
estimate NNI. It only uses NNI ground truth values to perform the estimation. It uses
random forest regression with NNI ground truth values as labels.

attributes), and multilinear regression were also tested. Results showed a better
performance with random forest method as equal to multilayer perceptrons. We
used 100 trees as main parameter of the random forest regression method. To
avoid over-fitting problems, we tested initially with 30% of the data for training
and the rest for testing. Results were not far with respect to the reported in the
paper. The reported ones were with ten fold cross scheme to validate the results.
Regression values diminished about 5%. We chose random forest empirically,
the model selection problem is not part of our method, in this case, we are more
interested in a straightforward and low-cost method to estimate NNI. The goal
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is an easy way to learn the method. The model is transferable to other kind
of crops, repeating the training phase with the proper multi spectral and NNI
values.

3 Results

In the Fig. 5 we present a comparison between the two proposed models. The
axis correspond to the NNI values for each NNI estimation values in each flight.
R2 value is greater than 96% in both flights. The Root Mean Squared Error
(RMSE) is 0.0216 for the first flight and 0.0137 for the second flight. The sum of
squared error of prediction (SSE) is of 0.0033 in the first flight and the SSE in
the second flight is of 0.0013. In this sense we prefer the machine learning based
model since it is easier in terms of training regarding method one. In addition,
we only need some NNI values of ground truth for the training stage, whereas
the Formula-based model requires two values (%Na and W ).

Fig. 5. A comparison between the two proposed models. The correlation suggests that
short model based on ML techniques is almost equal to the formula-based model which
requires extra information.

Numerical results about the estimation of nitrogen are summarized in the
Table 2. A comparison graph of the machine learning model against the ground
truth values is illustrated in the Fig. 6. A comparison between the results of NNI
real values and the estimated values with the two models is illustrated in the
Figs. 7 and 8. It is noteworthy to say that the R2 value was improved in the
second flight in both methods. The RMSE values for the first flight with the
formula-Based model and the ML model were 0.0367 and 0.0294 respectively.
Analogously, The SSE values were 0.0094 and 0.0061. In the second flight this
values were improved. RMSE values were 0.0351 and 0.0444 for the formula and
the ML model respectively. SSE values were 0.0086 and 0.0138 The reason of the
improvement of R2 can be due to the N absorption. On the first flight, the dosage
of nitrogen was applied only nine days before. Results about nitrogen are slightly
noisier in the first flight. In the second flight, results were more consistent and
the prediction was improved. The formula based model were better than the
ML model in the second flight, however, the SSE is still low (0.013) and the
correlation values is still high (R2 = 96%).
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Table 2. Results of NNI estimation in the first and second flight. Ground truth and
estimated values are shown. Values for the nine plots are shown. D is deficient, A is
adequate and E is an excessive amount of dosed nitrogen

Plot g-truth Aug9 Est. Aug9 g-truth Sep2 Est. Sep2

1-D 0.8026 1.0344 1.5575 1.5116

1-A 1.5694 1.4081 1.4327 1.413

1-E 1.4706 1.3684 0.719 0.9943

2-D 1.2135 1.2442 1.0919 1.2095

2-A 0.8422 1.1307 0.8354 1.0015

2-E 1.3701 1.2675 1.4725 1.3909

3-D 1.3085 1.2698 0.6091 0.8949

3-A 1.3525 1.2786 1.7375 1.5362

3-E 1.3265 1.277 1.3775 1.2706

Fig. 6. Comparison between NNI values for each crop region.

Fig. 7. Results of the NNI estimation via RFR algorithm for the first flight. The ML
model improves the results with respect to the formula based model even when the
nitrogen dosage was early applied.

4 Discussion

It is interesting the improvement of the model when the dosage of N has more
time. The second flight was done in the earring stage of the corn, whereas the
first flight was done in the V10 stage. The earring stage is particularly more
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Fig. 8. Results of the NNI estimation via RFR algorithm for the second flight. In
the second flight, the formula based model is better as expected, since it uses more
information. However, the ML model is also accurate.

stable in prediction. We only have two measurements of N but this information
is still enough to predict the NNI values in the crops. One week is not a good time
to evaluate the absorption of nitrogen. The reason is due to urea is hydrolyzed
(yielding ammonium and ammonia) with a half-life of 1.9 days at 3.5 ◦C when
is applied in the field [12]; under controlled conditions, urea mixed with the soil
was hydrolyzed with a half-life of 22, 15 and 6 h at 4, 10 and 20 ◦C [12]. Although
the crop immediately absorbs ammonium from soil solution, the translocation
process of N from roots to leaves may take a time in order to be observed optically
as change in intensity of green in leaves. The uptake of N after urea application
in corn was not statistically different at V6 between control and side-dressing
applied in V5 phenology stage [15].

If we observe the two flights, there is an acceptable correlation (better in the
second) if we want to predict the absorbed nitrogen in the plants. Although the
prediction is local, the cost of flying and training is low.

5 Conclusions and Future Work

A method to infer nitrogen levels in corn crops was proposed. UAVs used can
draw up to 5 ha of crops. Since the UAVs performed flights in 50–70 m high, the
resolution was 3 cm per pixel. The method is based on random forest regression
method and including several linear regressions in order to establish some corre-
lation between biomass and Nitrogen critical values. The method utilizes multi-
spectral imagery only with low-cost and easy-acquiring cameras. Results showed
that the models predict with an R2 = 96% when the nitrogen was absorbed by the
crops. There are several future avenues for this model. One of them is the inclusion
of other variables in order to expand the inference to chlorophyll and comparing the
NNI results with chlorophyll levels (Chlorophyll is usually a common method to
infer nitrogen levels in crops). Another avenue is the study of corn in several stages
in order to perform a preventive method for applying nitrogen in early stages. It
includes the possibility of creating an ML model with several stages included as a
whole. Finally, it is important to increase the coverage area of crops. This can be
addressed by using fixed wing UAVs.
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