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ARTICLE INFO ABSTRACT

Keywords: Rapid and accurate estimation of rice Nitrogen Nutrition Index (NNI) is beneficial for management of nitrogen

Rice application in rice production. Traditional estimation methods required manual actual measurement data in the

Nitrogen n“tri'fion in‘?ex field, which was time-consuming and cost-expensive, and RGB images from unmanned aerial vehicle (UAV)

Unma'nned aer'lal vehicle provided an alternative option for nitrogen nutrition index (NNI) monitoring. In this study, RGB images from

Machine learning R . . . h . . :

Precision fertilization unmanned aerial vehicle (UAV) were obtained from each growth period of rice, and six machine learning (ML)
algorithms, i.e., adaptive boosting (AB), artificial neural network (ANN), K-nearest neighbor (KNN), partial least
squares (PLSR), random forest (RF) and support vector machine (SVM), were used to extract target information
for estimating NNI as well as vegetation index (VI). Results showed that most UAV VIs were significantly
correlated with rice NNI at the key growing periods; the estimation results of rice NNI using six ML algorithms
showed that the RF algorithms performed the best at each growth period with the determination coefficient (R%)
ranged from 0.88 to 0.96 and room mean square error (RMSE) ranged from 0.03 to 0.07, in which the estimation
of NNI was the best in filling period and the early jointing stage. Rice NNI at the early jointing stage was
significantly correlated with soil available nitrogen (AN) with the R? of 0.84 in Pukou and 0.72 in Luhe,
respectively, and rice NNI was significantly correlated with the yield with the R? of more than 0.7 in Pukou at the
whole period and more than 0.7 in Luhe from late jointing to maturity stage. Therefore, the combination of RGB
images from UAV and ML algorithms was a scalable, simple and inexpensive method for rapid qualification of
rice NNI, which effectively improved nitrogen use efficiency and provided guidance for precision fertilization in
rice production.

1. Introduction field could benefit precision nitrogen application and yield improve-

ment (Shi et al., 2021).

Rice is a major food crop in China and plays an important role in food
security, and nitrogen (N) application is one of the key factors in the rice
yield, but N use efficiency is low as around 30%, which resulted in arable
land degradation and water eutrophication (Wu and Ma, 2015). Nitro-
gen status is an important indicator for monitoring rice growth and
estimating yield, and timely monitoring of rice nitrogen status in the

The conventional way of monitoring rice nitrogen status required
manual actual sampling in field and physicochemical analysis in labo-
ratory, which was time-consuming, labor-intensive, and costly (Cohan
etal., 2019), and thereof was difficult to apply at all growth stages of the
crop. With the development of modern technology, portable instruments
were used to measure key growth indicators of crops (Sankaran et al.,
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negative group; ExB, excess blue vegetation index; EXG, excess green vegetation index; EXGR, excess green minus excess red; ExR, excess red vegetation index; GLA,
green leaf algorithm; GLI, green leaf index; GRVI, green red vegetation index; JPEG, joint photographic experts group; KNN, K-nearest neighbor; MGRVI, modified
green red vegetation index; ML, machine learning; MLR, mixed logistic regression; N, nitrogen; N,, the measured N concentration; N., N content; NDVI, normalized
difference vegetation index; NNI, nitrogen nutrition index; PLSR, partial least squares regression; R?, coefficient of determination; RF, random forest; RGBVI, red
green blue vegetation index; RGRI, red green ratio index; RMSE, room mean square error; ROI, region of interest; RVI, ratio vegetation index; SVM, support vector
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2015), such as active canopy sensor GreenSeeker (Trimble Inc., Sun-
nyvale, CA, USA), which could obtain the normalized difference vege-
tation index (NDVI) and greenness vegetation index (RVI) using optic
scanning method in the visible and near-infrared range. The SPAD
(Minolta Camera Co., Osaka, Japan) meter was used to quickly measure
the relative chlorophyll content of plant leaves, and the connection with
nitrogen status improved nitrogen management in crop production
(Singh et al., 2016). Digital photos were used to obtain crop canopy
cover, and a new method of nitrogen nutrition index (NNI) acquisition
was established by using canopy cover instead of crop dry biomass
(Wang et al., 2016). The method was proved to be as accurate as using
crop aboveground biomass (AGB) to obtain NNI; while avoiding the
drawbacks when obtaining crop dry biomass through sampling (Shi
et al., 2021). These optical instruments could obtain crop growth in-
formation quickly, i.e., proximate sensing, but professional and mass on-
site measurements were needed, which made it limited in large-scale
applications. Remote sensing is another method to cope with the prob-
lems raised in proximate sensing. Remote sensing by satellites was used
to estimate crop growth indicators, which provided solutions for appli-
cation over a large area; however, satellites based remote sensing was
easily impacted by the weather conditions, and also showed obvious
time and resolution limitations (Kogan, 2007), which made it difficult to
serve in practice, and UAV provided an alternative option for remote
sensing.

Many studies showed that UAV could be used to achieved in moni-
toring crop growth, and for UAV monitoring light source was one of key
factors in estimating key crop growth parameters (Li et al., 2015).
Hyperspectral cameras with the hundreds of narrow spectral bands
could provide users with the rich sources of information, and multi-
spectral cameras were shown to be very important in estimating key
crop growth parameters (Kerkech et al., 2020). Compared to these
cameras, RGB cameras have the advantage of being more economic
(Wang et al., 2013), and it was also possible to extract important VIs
from these UAV images to achieve the estimation of crop growth pa-
rameters (Yang et al., 2019). Therefore, it was feasible to use UAVs with
low-cost RGB cameras for monitoring NNI in rice production.

A single VI extracted from UAV-RGB images resulted from limited
band information, and in order to make full use of the information in
each band of the image, multiple VIs and machine learning (ML) algo-
rithms with UAV remote sensing technology could be combined to
predict crop growth parameters (Han et al., 2019). Regarding the use of
UAV imagery to achieve estimation of crop growth indicators, these
algorithms resulted in well performance (Lu et al., 2019). There were
many ML algorithms (e.g., multiple linear regression, SVM, ANN, and
RF), which showed different performances in crop monitoring using
UAV (Han et al., 2019), and it was needed to optimize the ML algorithms
in monitoring rice NNI for practical applications.

It was widely recognized that NNI showed great potential for N status
assessment, thereof it was used as an important indicator to guide var-
iable fertilization (Shi et al., 2021); during the crop growth, the appli-
cation of nitrogen is one of the important factors affecting crop yield,
and also determines the content of grain protein, which affects the crop
quality. The soil AN was a direct indicator to evaluate the soil N fertility
(Ma et al., 2017); however, the relationship between NNI and soil AN
remains unclear. Therefore, the use of UAV to diagnose the nitrogen
status of rice, including the relationship between the NNI of the above-
ground crops and the nitrogen content in the soil, could achieve better
guidance for the reasonable application of nitrogen fertilizers while
improving crop yield and quality.

Therefore, the objectives of this study are to (1) explore the possi-
bility of UAV-RGB images applied in estimation of NNI in rice produc-
tion; (2) optimize the ML algorithm for estimating NNI of rice; (3) verify
the accuracy of estimated NNI through the relationship between NNI
and rice yield, NNI and soil AN in practical rice production.
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2. Materials and methods
2.1. Experimental design descriptions

There were two experimental fields involved in this study, located in
Pukou District and Luhe District, Nanjing, Jiangsu province, China
(32°04'15"N, 118°28 21 E and 32°25'4 N, 118°59 18"E, respectively)
(Fig. 1), which were in tropical humid climate region with an average
annual temperature of 15.4 °C, a maximum annual temperature of
39.7 °C, and a minimum temperature of —13.1 °C. Each experiment was
set into plots for treatments with replications regarding the rates and
types of input N (Tablel), i.e., 5 treatments considering the rates of
controlled release fertilizer input with 4 replications (20 plots) for Pukou
experiment, and 4 treatments with 4 replications (three replications for
CK, totally 15 plots, each plot 200 m?) for Luhe experiment.

The soil type in Pukou experiment was paddy soil (anthrosol) with
22.26 g kg~ ! organic matter, 1.31 gkg ™! total N, 15.41 mg kg~! Olsen-P,
and 146.4 mg kg ! available K. The soil in Luhe experiment was also
anthrosol with 26.56 g kg™! organic matter, 1.58 g kg™ total N, 15.21
mg kg~ ! Olsen-P, and 166.2 g kg™ ! available K. A japonica rice cultivar
with strong resistance to diseases called Nanjing 5055 in both experi-
ments was transplanted in June and harvested on November 2019.

2.2. Crop and soil data acquisition

The key growth period of rice was selected for plant and soil sample
collection (Table 2), and three representative holes plant were selected
from each experimental plot as the sample and placed in a plastic sealed
bag for laboratory processing. The rice shoots were dried at 80 °C to a
constant weight as the AGB, and total N content in rice shoots were
determined using the Kjeldahl method (Nelson and Sommers, 1973). At
the same time, 0-20 cm topsoil were collected, and Soil AN was
measured using the Kjeldahl method (Table 2).

2.3. Yield data acquisition

In the Pukou experimental field, rice in each plot was completely
harvested, threshed and weighed to obtain the total weight. The mois-
ture content was determined with a grain moisture tachometer, and the
average value was obtained by repeating three times. One square meter
was randomly selected to determine the impurity rate and empty defo-
liation rate. In the Luhe experimental field, 3 square meters of rice were
randomly selected within each ROI for manual cutting. Then obtaining
the total weight, the moisture content the impurity rate and deflated rate
using the same method as Pukou yield measurement. In all fields, the
standard dry weight moisture content of rice was selected as 14.5%.

2.4. Calculation of nitrogen nutrient index

Nitrogen nutrient index (NNI) is the ratio between aboveground
biomass of rice and critical N concentration, which describes the ni-
trogen status of rice, independent of growth stage and different biomass.
NNI values close to 1 indicate that rice has optimal N supply, NNI > 1
indicates excessive N supply, and NNI < 1 indicates N deficiency (Fabbri
et al., 2020). Table 2 presents the descriptive statistics of the rice NNI at
different stage of rice growth.

The critical N content (N,) of rice was described by the following
equation (1) (Wang et al., 2016):

N, = 3.33AGB™% 1

Where N, was the critical N content as a percentage of dry biomass and
AGB was the dry weight of above ground biomass in mg/ha.
The NNI was calculated using Equation (2)

NNI = N, /N, (2)
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Fig. 1. Geographic location of the research area and UAV images of the experimental plots with different fertilization treatments (a, The location of Jiangsu Province
in China and the location of Pukou and Luhe experimental stations; b, An UAV image of Pukou experimental plots with 5 fertilization treatments and regions of
interest for sampling and VI extraction; ¢, An UAV image of Luhe experimental plots 4 fertilization treatments and regions for sampling and VI extraction).

Table 1
Fertilization treatments in the field experiment of rice.

experimental Fertilization Compound Proportion of
field treatments fertilizer (kg) controlled release N
Pukou N1 0 0

N2 240 kg ha™! 0

N3 240 kg ha™! 30%

N4 240 kg ha™? 40%

N5 240 kg ha™! 50%
Luhe Na 196 kg ha™? 0

Nb 196 kg ha™? 50%

Nc 176 kg ha™? 50%

Nd 158 kg ha™? 50%

Note: Coated urea (N, 42%) was used as controlled release N, and was produced
by Jiangsu ISSAS Fertilizer Corporation, Yizheng, China).

Where N, was the measured N concentration.
2.5. Acquisition of UAV images

The Phantom 4 Professional UAV (SZ DJI Technology Co., Shenzhen,
China) was used to obtain high spatial resolution images of the two
experimental fields at each sampling period. The UAV platform installed
with a 20 million pixel visible light (RGB) camera. Aerial photographs of
the experimental fields were captured using the UAV flying at a height of

100 m from the ground at a speed of 8 m/s. The side and forward overlap
properties of the image were set to 60-80%. Every flight was carried out
in clear, cloudless, and windless weather. The images were automati-
cally captured, with one frame every 2 s, in joint photographic experts
group (JPEG) and double-negative group (DNG) formats between 11:00
and 13:00. Considering the RGB camera reflectivity correction, three
diffuse reflective plates (Guangzhou Changhui Electronic Technology
Co., Ltd.) were placed on the ground while the UAV flying, with
reflectivity of 10%, 50% and 90% respectively.

2.6. UAV image processing and index extraction

The Pix4Dmapper (https://www.pix4d.com/) was used to generate
orthophoto images of the acquired images. In this process, Pix4Dmapper
opened all photos taken during the same period according to the loca-
tion coordinates in their attributes; the software automatically aligns the
overlapping images using a feature point matching algorithm. Then, 10
evenly distributed ground control points were used to georeference each
image for alignment. In Pix4Dmapper, internal camera parameters were
estimated based on photo alignment and the location of ground control
points. A sharp depth filter was selected and reconstructed small details
to build a dense point cloud. Finally, the default parameters were used to
build the mesh and textures to generate the orthophoto and export it as a
TIFF image. The radiation calibration is performed by the method of
calibration plates, and the image values were converted into image
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Table 2
Descriptive statistics of the NNI, AN at different stage of rice growth and yield.
Date Mean Median SD Variance Kurtosis Skewness Min Max
NNI Tillering stage 1.02 1.02 0.22 0.05 1.04 0.04 0.52 1.63
Early jointing 0.90 0.94 0.22 0.05 -0.11 —0.24 0.44 1.34
End of jointing 0.89 0.91 0.24 0.06 -0.70 -0.11 0.44 1.44
Booting stage 0.85 0.85 0.24 0.06 —0.46 —0.15 0.36 1.39
Blooming period 0.65 0.65 0.15 0.02 0.01 0.26 0.38 1.07
Grouting period 0.59 0.58 0.16 0.03 —0.31 0.43 0.30 0.97
Maturity 0.55 0.55 0.12 0.02 -0.76 0.24 0.34 0.78
AN (mg kgfl) Tillering stage 42.06 42.72 20.59 424.0 —1.05 0.30 12.58 87.97
Early jointing 24.29 21.45 12.21 149.02 —0.78 0.57 7.21 49.43
End of jointing 25.51 24.28 9.30 86.53 —0.42 0.63 11.56 49.77
Booting stage 16.77 15.11 5.87 34.45 3.35 1.78 10.01 36.57
Blooming period 15.42 14.31 4.02 16.17 0.12 0.55 7.18 26.38
Grouting period 6.50 6.03 1.63 2.66 -0.19 0.39 3.10 10.48
Maturity 13.90 13.95 2.34 5.48 0.98 0.77 9.56 20.44
Yield (kg acre 1) 494.4 531.9 111.3 12388.3 —0.82 —0.59 243.6 640.7

reflectance by the reflectance of the ground reflective plates; thus, the
surface reflectance was reflected in real time. The formula of radiation
calibration was described by the following equation (3) to equation (5):

R; = gain x DN, + offset 3
. Rmax—Rmin

E DNpyas — DNy @

offset = Ryin (5)

Where R; was the reflectance of the i-th band, gain was the incremental
correction coefficient, offset was the correction deviation, DN; was the
grayscale value of the i-th band, DNy, and DN,,;;, were the maximum
and minimum grayscale values of the UAV image, Rmo was the
maximum reflectance of the calibration plate, and R, was the mini-
mum reflectance of the calibration plate.

The reflectance values of the red (r), green (g), and blue (b) bands of
the UAV images in each field were extract. Then Python3.7.8 (http
s://www.python.org/) was used to calculate the corresponding VI
(Table 3). ArcGIS10.3 (https://www.esri.com) was used to draw the
region of interest (ROI) (Fig. 1) in the center of each plot and the average
value of various VIs was extracted at different periods in each ROI as the
VI of each plot.

Table 3
List of vegetation indices (VIs) used in this study.
Name Index Formulation References
Green Leaf algorithm GLA (2*g-r-b)/(2*g + (Louhaichi et al.,
r+b) 2008)
Green Leaf Index GLI (2*g-r + b)/(2*g (Louhaichi et al.,
+1+b) 2008)
Green Red Vegetation GRVI (g1)/(g+71) (Tucker, 1979)
Index
Modified Green Red MGRVI  (g%1r%)/g® + 1) (Bendig et al., 2015)
Vegetation Index
Excess Green minus ExGR (2*g-r-b)-(1.4%r- (Yang et al., 2019)
Excess Red g)
Excess Red Vegetation ExR 1.4%r-g (Meyer and Neto,
Index 2008)
Excess Blue Vegetation ExB 1.4b-g (Qi et al., 1994)
Index
Excess Green Vegetation ExG 2*g-r-b (Woebbecke et al.,
Index 1995)

Visible Atmospherically VARI (g-1)/(g + r-b) (Saberioon and
Resistant Index Gholizadeh, 2016)
Red Green Blue RGBVI (g%b*r2)/(g® + (Possoch et al., 2016)

Vegetation Index b*r?)
Red Green Ratio Index RGRI r/g (Verrelst et al., 2008)

Note: r, g and b represent the reflectance values of the red, green, and blue bands
of the UAV images, respectively, the same below.

2.7. Machine learning algorithms

Various machine learning algorithms, including adaptive boosting
(AB), artificial neural network (ANN), K-nearest neighbor (KNN), partial
least squares (PLSR), random forest (RF), and support vector machine
(SVM), were used to evaluate the performance of the ML model for rice
NNI based on VIs from UAV images (Scornet, 2015).

2.8. Model evaluation

For the six ML algorithms in this study, 70% data was selected for
training and 30% data for testing. For the estimated rice NNI using the
best ML algorithms, the measured NNI was used to validate the esti-
mated NNI extracted from the ROIs of each plot. Coefficient of deter-
mination (Rz) and root mean square error (RMSE) were calculated to
verify the reliability of the model. These parameters were calculated as
follows:

Sio(Xi = X)(Yi - ¥)

R2 = n <\2 n <\ 2 (6)
ny o (Xi = X) YL (Yi —Y)
) o RS
RMSE =, | Z:]: (Yi = Xi) 7

Where X; and Y; were estimated NNI and measured NNI, respec-
tively, X and Y were the average estimated NNI and measured NNI,
respectively, and n was the number of samples.

3. Results
3.1. Relationship between UAV-VIs and NNI

Correlation coefficients were calculated between the eleven VIs
extracted from the UAV images and NNI in different growth periods
(Table 4). At different growth periods, the VIs with the best correlation
to NNI varied. The best VI was RGRI with R2 of 0.61 at tillering stage, the
best correlation between ExR and NNI at the early stage of jointing with
R? of 0.59. The correlation coefficients (RZ) between VARI and NNI at
the late jointing and booting stage were 0.55 and 0.60, respectively. At
flowering, filling and maturity stages, three optimal UAV-Vis, i.e., GRVI,
MGRVI and RGRI, showed the significant correlations with rice NNI,
which demonstrated that these UAV-VIs could be used to estimate the
NNI of rice.

3.2. NNI estimations using different ML algorithms

NNI was predicted from UAV-Vis at different growth stage using six
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Table 4

Correlation of rice NNI with UAV-VIs at different growth stage.
VI Tillering Early jointing Late jointing Booting Flowering Filling Maturity
ExB 0.06 0.19 0.06 0.46"" 0.19 0.05 0.35*
ExGR 0.06 0.43" 0.07 0.12 0.43" 0.49"" 0.25%
ExG 0.15 0.38" 0.20 0.12 0.15 0.19 0.08
ExR 0.04 0.59"" 0.44" 0.54"" 0.60"" 0.44"" 0.73""
GLA 0.24* 0.28% 0.36% 0.05 0.19 0.55"" 0.08
GLI 0.28% 0.30% 0.45" 0.02 0.20 0.56"" 0.08
GRVI 0.60"" 0.44"" 0.50"" 0.46"" 0.61"" 0.79"" 0.67""
MGRVI 0.60"" 0.43" 0.48"" 0.46™" 0.61"" 0.79"" 0.67""
RGBVI 0.06 0.16 0.39" 0.08 0.35% 0.63"" 0.02
RGRI 0.61"" 0.42"" 0.48"" 0.45"" 0.61"" 0.79"" 0.67""
VARI 0.57"" 0.48"" 0.55"" 0.60""" 0.54"" 0.78"" 0.61"""

* 10% level of significance with p-values between 0.05 and 0.1; ** 5% level of significance with p-values between 0.01 and 0.05;

significance with p-values less than 0.01

ML algorithms (AB, ANN, KNN, PLSR, RF and SVM) (Table 5). RF model
showed the highest accuracy in estimating NNI with R? ranging from
0.88 to 0.97, and RMSE ranging from 0.03 to 0.07 from tillering to
maturity stage. Except the AB algorithm, all other ML algorithms
showed the highest estimation accuracy at filling stage, followed by
early jointing stage, among which RF algorithm was optimal when using
UAV RGB images for rice NNI estimation.

Fig. 2 shows the validation results of different ML for rice NNI esti-
mation at different growth periods. In the picture, different colors
represent different ML estimation models, and the seven growth periods
were evenly distributed around the circles. From the center of the circle
to the outside, the value gradually became larger. Connecting the vali-
dation results of each ML in the whole growth period, the closer shape to
a circle indicated more stable model. In the R? plot, the larger shape
showed better model accuracy; and in the RMSE plot, the smaller shape
demonstrated the smaller estimation error. It was obviously observed
that RF was the optimal ML algorithms for estimating rice NNI, R% was
greater than other models in each growth period, and RMSE was smaller
than other ML algorithms. The KNN algorithms showed the worst per-
formance among all models with the validated R? of less than 0.60 in all
growth periods.

3.3. The correlation between yield and NNI

The correlations between yield and NNI at different periods in Luhe
and Pukou were showed in Fig. 3. The NNI and yield in Pukou experi-
mental field were significantly correlated throughout the growing sea-
son, and the correlation coefficients were greater than 0.80 in the early
jointing, late jointing, flowering and filling periods. NNI in Luhe
experimental field were significantly correlated to yield from the early

1% level of significance of

jointing period to maturity period, and the correlation coefficients in the
late jointing and filling periods were greater than 0.80; in other periods,
the correlation coefficients in the Luhe were smaller than those in the
Pukou, which might be due to the farmland scale; the relationships
between NNI and yield in both experimental fields were highest at the
late jointing and the filling stage, indicating that the high or low NNI of
rice during these two growth periods affected the yield status.

3.4. Correlation between NNI and soil AN

Fig. 4 shows the correlation matrix of rice NNI at different periods
with the soil AN at the corresponding periods. The correlation between
the NNI and soil AN was the highest at the jointing stage in the Luhe
experimental field with a correlation coefficient of 0.72; followed by the
maturity stage, with a correlation coefficient of 0.71 (Fig. 4b). In the
Pukou experimental field, the correlation between the NNI and soil AN
was the highest at the jointing stage with a correlation coefficient of 0.84
(Fig. 4b); the correlation coefficient at the tillering stage was the second
highest with a correlation coefficient of 0.77. It was found that there is a
stable and significant correlations between the rice NNI and soil AN at
the jointing period.

3.5. Accuracy assessment of NNI prediction

From Fig. 5a, it was observed that the NNI of rice was very low,
mostly less than 0.60 in no fertilizer input treatment, indicating t serious
N deficiency. The NNI of rice was between 0.60 and 1.0, little was less
than 0.60, and a little was greater than 1.0 in the normally fertilized
fields. In the fields with nitrogen-enhancing fertilization treatment, the
NNI of rice was more than 1.0. The NNI estimation result (Fig. 5b) in the

Table 5
The R? and RMSE in the estimation of NNI using machine learning algorithms.
ML Tillering Early jointing Late jointing Booting Flowering Filling Maturity
AB R? 0.83 0.64 0.52 0.79 0.45 0.80 0.52
RMSE 0.09 0.12 0.18 0.13 0.13 0.07 0.09
ANN R? 0.50 0.72 0.50 0.53 0.58 0.80 0.55
RMSE 0.20 0.10 0.17 0.20 0.20 0.08 0.16
KNN R? 0.50 0.50 0.33 0.55 0.42 0.56 0.43
RMSE 0.21 0.13 0.19 0.19 0.08 0.09 0.07
PLSR R? 0.26 0.64 0.53 0.35 0.37 0.80 0.66
RMSE 0.20 0.11 0.15 0.21 0.11 0.07 0.07
RF R? 0.95 0.96 0.96 0.94 0.88 0.97 0.89
RMSE 0.05 0.05 0.07 0.07 0.05 0.03 0.03
SVM R? 0.36 0.75 0.48 0.25 0.24 0.78 0.63
RMSE 0.24 0.10 0.15 0.24 0.16 0.08 0.06

Note: ML, machine learning; AB, adaptive boosting; ANN, artificial neural network; KNN, K-nearest neighbor; PLSR, partial least squares regression; RF, random forest;

SVM, support vector machine
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Fig. 3. Correlation analysis of yield with NNI at each period (a; results of Pukou experiment area; b; results of Luhe experiment area(P1, NNI at tillering stage; P2,
NNI at early jointing stage; P3, NNI at late jointing stage; P4, NNI at booting stage; P5, NNI at flowering stage; P6, NNI at filling stage; P7, NNI at maturity stage). *
10% level of significance with p-values between 0.05 and 0.1; ** 5% level of significance with p-values between 0.01 and 0.05; *** 1% level of significance of

significance with p-values less than 0.01.

Luhe experimental field showed that there was more variability of rice
NNI in the same treated field, and some NNI were greater than 1 while
some other were less than 0.40.

The validation results were shown in Fig. 6. It was found that the
validation accuracy of the estimation results in the Pukou experimental
field was relatively high with R? of 0.93, RMSE of 0.086, respectively
(Fig. 6a), while in the Luhe experimental field the R? and RMSE were
0.74 and 0.22, respectively (Fig. 6b). The plot was uniform in Pukou
experimental field due to smaller scale, while the Lukhe experimental
area was a large relatively large scale, which resulted in the difference in
validations. Totally, the estimated values of NNI showed high accuracy
using RF algorithm with R? of 0.72 and RMSE of 0.209 (Fig. 6¢), indi-
cating that RF algorithm was suitable to estimate rice NNI.

4. Discussion
4.1. Feasibility of using UAV to estimate rice NNI

By analyzing the experimental data and UAV RGB image data ob-
tained from two different experimental fields, it was proved that some
VIs extracted from RGB images showed good correlation with NNI, and
thus could be used to estimate NNI. However, due to the different per-
formance of VIs on NNI in different growing periods, it was complicated
to establish general models between different VIs and NNI, and the

accuracy of simple linear regression models was not good enough.
Therefore, ML algorithms were needed in this purpose, which could
combine various VIs with rice NNI to build a nonlinear estimation model
to improve the estimation accuracy and reduce the workload (Singh
et al., 2016). Moreover, the estimation of rice NNI using the RF algo-
rithm was good during the entire growth period, and the RF model
established in this study could be used for the estimation of aboveground
NNI of rice at the field scale. There were many research findings about
the monitoring of important crop growth parameters using UAVs, such
as leaf area index, dry biomass, chlorophyll content, and nitrogen con-
centration status, etc. (Cen et al., 2019; Zheng et al., 2019), which
further validated the feasibility our results. Compared with the tradi-
tional method of measuring rice NNI in the laboratory, this method
demonstrated the advantages of low cost and timeliness, and compared
with the handheld sensors, rice NNI monitoring over a larger area was
achieved using UAVs. Therefore, it was potential to estimate rice NNI
using VIs extracted from UAV RGB images.

4.2. Optimization of machine learning algorithms

In this study, one of the objectives was to compare the different
machine learning models for estimating rice NNI and to select the
optimal estimation model. Six different ML algorithms (AB, ANN, KNN,
PLSR, RF, and SVM) were used combined with UAV-VIs and measured
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Fig. 4. Matrix of the correlation coefficient between the NNI and AN at different growth period (a; results of Pukou experiment area; b; results of Luhe experiment
area(P1, NNI at tillering stage; P2, NNI at early jointing stage; P3, NNI at late jointing stage; P4, NNI at booting stage; P5, NNI at flowering stage; P6, NNI at filling
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Fig. 5. NNI predicted map of rice at the early jointing stage based on UAV images and RF model (a, NNI predicted map of Pukou experimental field; b, NNI predicted
map of Luhe experimental field).
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Fig. 6. Validation plots of estimated and measured rice NNI at the early jointing stage based on UAV images and RF model: a: validation results of Pukou exper-
imental field; b: validation results of Luhe experimental field; c: validation results of all measured values and estimated values of two experimental fields.

NNI to achieve estimating rice NNI at the field scale. The validation
results showed that the RF model consistently performed the best among
all algorithms (Table 5 and Fig. 2), with R? greater than 0.88 and RMSE
less than 0.21 throughout the growth period. RF was a learning method
that integrated multiple decision trees, efficiently processing large-scale

information with the ability to obtain a good fit with less noise. The
other ML algorithms, which were not well validated on the test dataset,
the validation accuracy of the algorithms was not as high as that of the
RF algorithms. The AB algorithm at the tillering, booting and filling
stages, the ANN and PLSR algorithms at the filling stage, and the SVM at
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the early jointing and filling stages performed better, with validation R2
of more than 0.70. Although these models showed good validation ac-
curacy at some growth periods, they were not stable enough and thus
were not recommended in the practical estimation of rice NNI. The KNN
algorithm performed the worst among all algorithms, with validation R?
less than 0.60 for all growth periods. Because the KNN algorithm was a
simply constructed model with different sensitivities to the input pa-
rameters during training, it might lead to relatively poor prediction re-
sults; therefore, the RF algorithm used in this study was the optimal
algorithm.

4.3. Relationship between rice NNI and soil AN

Many studies have been conducted using UAV to monitor the above-
ground nitrogen content of crops, and the actual measured NNI was
applied to guide fertilizer application in the field (Shi et al., 2021), but
few studies have been conducted in terms of analyzing soil AN. The
traditional method of obtaining soil AN was based on laboratory testing,
the purpose of this study is indirectly guiding rice precision fertilization
through UAVs by establishing the correlation between rice NNI and soil
AN in a preliminary way. By analyzing the relationship between NNI and
soil AN at each growth period, the results of two different experimental
fields indicated that there was a significant correlation between NNI and
AN at the early jointing stage. This finding provides some implications
for the formulation of fertilization decisions. As shown in Fig. 3, the
relationships between NNI and yield in both two experimental fields
were highest at the late jointing and the filling stage, indicating that the
high or low NNI of rice during these two growth periods could affect the
yield status. If fertilizer was input at the late jointing stage, there would
be a certain lag in nutrient uptake and transformation in rice. Therefore,
to increase nitrogen use efficiency, fertilizer management should be
considered before late jointing stage.

It was timely and reasonable for us to find out the nitrogen status
through monitoring rice NNI in the early jointing stage, and thus the
guidance of top dressing; the idea of using consumer UAV for monitoring
rice NNI and guiding rice fertilization provided a convenient and low
cost method for precise management of fertilization. However, the rice
varieties were not considered, which showed limitation in practice. In
order to make the results more adaptable, the varietal parameters and
regional variations of rice need be considered in future studies.

5. Conclusions

Eleven VIs were extracted from UAV-RGB images at different
growing period, and the NNI was calculated by combining the measured
N concentration of rice at the corresponding period. The correlation
analysis proved that most of the UAV-VIs were significantly correlated
with the rice NNI at the corresponding period, but the UAV-VIs with the
strongest correlation varied at different period. The NNI of different
growth periods were predicted by six ML algorithms using UAV-VIs, and
the validation results showed that the RF algorithm was the optimal
algorithm for predicting NNI with R? in the range of 0.88-0.97, and
RMSE in the range of 0.03-0.07. Meanwhile, there was a significant
correlation between rice NNI and yield with R? of more than 0.80 at the
late jointing and filling stage, and at the early jointing, there was a stable
correlation between rice NNI and soil AN; therefore, the rice NNI could
benefit the precise fertilization and nutrient utilization.
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