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Abstract: The rapid and accurate acquisition of rice growth variables using unmanned aerial system
(UAS) is useful for assessing rice growth and variable fertilization in precision agriculture. In this
study, rice plant height (PH), leaf area index (LAI), aboveground biomass (AGB), and nitrogen
nutrient index (NNI) were obtained for different growth periods in field experiments with different
nitrogen (N) treatments from 2019-2020. Known spectral indices derived from the visible and NIR
images and key rice growth variables measured in the field at different growth periods were used
to build a prediction model using the random forest (RF) algorithm. The results showed that the
different N fertilizer applications resulted in significant differences in rice growth variables; the
correlation coefficients of PH and LAI with visible-near infrared (V-NIR) images at different growth
periods were larger than those with visible (V) images while the reverse was true for AGB and NNIL
RF models for estimating key rice growth variables were established using V-NIR images and V
images, and the results were validated with an R? value greater than 0.8 for all growth stages. The
accuracy of the RF model established from V images was slightly higher than that established from
V-NIR images. The RF models were further tested using V images from 2019: R? values of 0.75, 0.75,
0.72, and 0.68 and RMSE values of 11.68, 1.58, 3.74, and 0.13 were achieved for PH, LAI, AGB, and
NNI, respectively, demonstrating that RGB UAS achieved the same performance as multispectral
UAS for monitoring rice growth.

Keywords: rice growth variables; unmanned aerial system; multispectral imagery; digital imagery;
random forest model

1. Introduction

Rice is one of the most important crops worldwide and plays an important role in
food security [1]. Rapid and accurate monitoring of key rice growth variables is important
for rice fertilizer management [2,3]. Precision fertilization improves the fertilizer utilization
rate and rice yield and reduces environmental pollution [4].

Rice growth variables, such as plant height (PH), leaf area index (LAI), and above-
ground biomass (AGB), are often used to diagnose crop growth in agricultural management
practices [5]. The nitrogen nutrient index (NNI) is a key indicator that can accurately reflect
the N nutrition status of different crops and is relatively stable in diagnosing N nutrition
status [6,7]. The most accurate method of obtaining values for these variables is destructive
sampling followed by laboratory measurements; however, this is labor-intensive and time-
consuming [8,9]. Therefore, handheld instruments for obtaining crop growth variables
have been developed in recent years. As a result, handheld instruments started to be used
for in situ measuring crop growth variables. A common example are chlorophyll meters,
which was used to predict leaf nitrogen content from reflectance measurements in the
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visual and near-infrared spectrum [10]. Digital images were used to obtain crop canopy
cover and a new method of NNI acquisition was established using canopy cover instead of
dry crop biomass [11]. However, these methods cannot obtain crop growth variables within
the entire field in real time, which has some limitations in precision agriculture guidance.

In recent decades, satellite remote sensing has been used to monitor crop AGB [12,13],
LAI [14-16], N content [17], and yield [18]. Different vegetation indexes (VIs) have been
extracted from satellite imagery to estimate key growth variables by modeling their rela-
tionships [19]. Although satellite imagery has achieved fast and accurate monitoring of
crop growth in large fields, it is still difficult to use at the field scale because of limitations
in the image resolutions [20]. Therefore, there is an urgent need for a method for acquiring
high-resolution remote sensing images to monitor crop growth variables at the field scale.
With the advancement of sensing technologies, unmanned aerial system (UAS) has been in-
creasingly used in precision agriculture [21]. UAS has been used to monitor crop growth by
acquiring high spatial resolution image data and has received more attention for field-scale
crop monitoring than satellite remote sensing due to their practicality and low cost [22,23].

UAS can carry different camera sensors, including RGB [24], multispectral [25], hy-
perspectral [26], and thermal infrared [27] cameras. Images captured by different cameras
can be processed to extract multiple VIs, select sensitive bands, and extract image tex-
ture information [28]. Real-time and accurate estimation of crop growth variables can be
achieved by establishing estimation models between image information and crop growth
variables [29]. Past studies have extracted spectral information from hyperspectral images
by UAS, enabling crop phenotype diagnosis [30], nutritional status determination [26], and
yield estimation [31]. Hyperspectral images contain abundant and continuous spectral
information and provide rich information about crop physiological variables. Therefore,
studies have been conducted to monitor crop growth and nutritional status using multi-
spectral cameras [28,32]. However, their high cost and the complexity of processing their
information limit their widespread application in agriculture.

Studies have been conducted from the perspective of model algorithms to improve
the accuracy of UAS imagery for monitoring crop growth variables. A single VI, such as
the normalized vegetation index (NDVI), obtained by combining red and near-infrared
bands, uses limited band information. To make full use of the information in each band
of the image, multiple VIs need to be combined to predict crop growth variables [33,34].
Machine learning algorithms present a scalable, modular strategy for data analysis that can
combine large amounts of raw spectral band and VI information and then extract the best
band information or VI with the crop growth variables for modeling. Machine learning
algorithms have been frequently used in recent years in remote sensing to monitor crop
growth indicators [35]. For example, Gahrouei et al. (2020) evaluated the potential of
RapidEye imagery data in estimating biomass and LAI using a machine learning algorithm
and demonstrated that the support vector machine algorithm was more accurate than the
artificial neural network algorithm [36]. Wang et al. developed a model using multiple VIs
to estimate winter wheat biomass with a random forest (RF) machine learning model and
found that it performed better than artificial neural network and support vector regression
models [37].

Although there have been many studies on sensor types, image processing methods,
and model construction methods using UAS to monitor crop growth variables and yield
estimation, the difference in accuracy between V-NIR images and V images for estimating
rice growth variables remains unclear.

In this study, we compare the features of V-NIR images and V images from UAS by
obtaining VIs from the two kinds of images and comparing their relationships with PH,
LAIL AGB, and NNI. Then the accuracy of machine learning models will be validated to
estimate PH, LAI, AGB, and NNI. The objectives of this study are (1) to analyze the effects
of different nitrogen fertilizer applications on rice growth variables at different growth
periods; and (2) to find the VIs from the V-NIR images and the V images that better correlate
with the studied rice growth variables.
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2. Materials and Methods
2.1. Experimental Design

Field experiments were conducted in the Pukou and Luhe Districts, Nanjing, Jiangsu
Province, China (32°04'15”N, 118°28'21”E and 32°25'4”N, 118°59’18"E, respectively) for
two consecutive years (2019-2020) (Figure 1). The experimental region has a tropical humid
climate with an average annual temperature of 15.4 °C. Nanjing 5055, a japonica rice
cultivar with strong disease resistance, was used in the experiments. In each experimental
plot, the planting density was 105 kg ha~!. The cultivation method involved transplanting
transplants, which started when the seedlings had about two tillers, and the transplanting
interval of seedlings was 20 x 20 cm; the details of the treatments are shown in Table 1 and
Figure 1.
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Figure 1. Location and images of the experimental plots with different nitrogen treatments. (a) loca-
tion of Pukou and Luhe in Nanjing City, Jiangsu Province, China; (b) image of Pukou experimental
plots with five fertilization treatments and regions for sampling and VI extraction; N1, N2, N3, N4,
and N5 represented different N fertilization treatments; (c) image of Luhe experimental plots with
three fertilization treatments and regions for sampling and VI extraction; Na, Nb, and Nc represented
different N fertilization treatments).

Table 1. Fertilization treatments in field experiments.

Experimental Site Nitrogen Treatments Total Nitrogen Rate (kg) Proportion of Controlled-Release Nitrogen

N1 0 0
N2 240 kg ha™! 0

Pukou N3 240 kg ha~! 30%
N4 240 kg ha~! 40%
N5 240 kg ha™! 50%
Na 196 kg ha~! 0

Luhe Nb 196 kg ha~! 40%

Nc 196 kg ha~! 50%
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Pukou field experiment: The area of this experimental field was 0.27 ha and was
divided into 20 plots for five treatments with four replicates (Figure 1 and Table 1). The
soil type in the area was paddy soil with 22.26 g kg~! organic matter, 1.31 g kg~! to-
tal N, 15.41 mg kg ! Olsen-P, and 146.4 mg kg~ ! NH;OAc-K. Rice was transplanted on
12 June 2019, and harvested on 2 November 2019, 20 June 2020, and 10 November 2020.

Luhe field experiment: The area of the experimental field was 3 ha and was divided
into 15 plots for three treatments with five replicates (Figure 1 and Table 1). The soil in the
Luhe experimental station was a silt loam with 26.56 g kg~! organic matter, 1.58 g kg~!
total N, 15.21 mg kg~ ! Olsen-P, and 166.2 g kg~! NH;OAc-K. Rice was transplanted on
18 June 2019, and harvested on 5 November 2019, 20 June 2020, and 16 November 2020.

2.2. Measurement of Rice Growth Variables

V images were taken using UAS at the rice jointing, flowering, filling, and maturity
stages in 2019 and 2020, whereas V-NIR images were captured only in 2020. In each
experimental plot in Pukou, three representative rice plants were collected and processed
in the laboratory for analysis. In the Luhe experiment, two samples from one experimental
plot were selected and the method was the same as that in the Pukou experimental field.
The PH of three rice plants from each sampling site was randomly measured and averaged.
The rice stems and leaves of all samples were separated in the laboratory. Fresh leaves of
each sample were scanned using a BenQ M209 Pro flatbed scanner (BenQ, Inc.) to obtain
scanned images and calculate the LAI by binarizing the images. The aboveground organs
of rice were heated at 105 °C for 30 min, dried at 80 °C to a constant weight, weighed to
determine the rice aboveground biomass (AGB), and the total N content of the aboveground
organs was measured using the Kjeldahl method. The descriptive statistics for PH, AGB,
and LAI at different growth stages are shown in Table 2.

Table 2. Descriptive statistics of PH, AGB, LAI and NNI at different stages of rice.

Date Growth Variables Mean Median Standard Deviation Min Max N
PH (cm) 63.07 60.00 18.04 33.67 95.00 100
.. AGB (t ha’l) 4.50 3.40 2.94 1.11 13.58 100

Jointing

LAI 4.77 3.81 2.74 1.85 14.15 100
NNI 0.91 0.95 0.21 0.37 1.29 100
PH (cm) 88.34 89.00 11.70 63.33 110.0 100
Flowering AGB (tha™1) 8.64 7.73 3.89 3.15 20.50 100
LAI 418 3.79 2.04 1.11 10.76 100
NNI 0.72 0.74 0.19 0.34 1.09 100
PH (cm) 89.11 90.83 13.94 55.67 122.0 100
Filling AGB (tha™1) 11.97 11.06 418 3.40 21.46 100
LAI 4.44 4.00 2.53 0.80 14.09 100
NNI 0.58 0.56 0.19 0.25 1.05 100
PH (cm) 92.77 93.00 10.36 72.00 116.0 100
Maturity AGB (t ha‘l) 16.10 15.91 4.40 7.05 26.96 100
LAI 2.98 2.71 1.40 0.79 8.35 100
NNI 0.51 0.47 0.13 0.26 0.81 100

2.3. Calculation of Nitrogen Nutrient Index

NNI is the ratio between plant nitrogen concentration and critical N content, which
describes the nitrogen status of rice independent of the growth stage. An NNI value of 1
indicates optimum N, while a value greater or smaller than 1 indicates excessive or deficient
N, respectively [2]. Table 2 presents the descriptive statistics of the NNI at different stages
of rice growth.

The critical N content (N;) of rice was described by the following Equation (1) [11]:

N, = 3.33AGB 02 1)
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where N, is the critical N content as a percentage of dry biomass and AGB is the dry weight
of aboveground biomass in t ha=?.
The NNI was calculated using Equation (2):

N,
NNI = — 2
x @

c

where N, is the measured N content.

2.4. Acquisition of V Images and V-NIR Images by UAS

A Phantom 4 Professional UAS (SZ DJI Technology Co., Shenzhen, China) carrying a
digital camera and multispectral camera was used to acquire high spatial resolution images
for each sampling period. The digital camera could take visible light (RGB) photos with
20 million pixels, containing red, green, and blue bands, and the multispectral camera
could acquire multispectral photos with 20 million pixels containing red, green, blue,
near-infrared, and red-edge bands, which generated TIFF format images with the spatial
resolution (pixel size) of 0.03 m. All images were taken by UAS under cloudless, windless,
and clear weather conditions from 11:00 to 13:00. The UAS was flown at an altitude of
100 m and speed of 8 m s~! and the camera was set to shoot automatically at a time
interval of 2 s. The side and forward overlap properties of the images were set to 60-80%.
Considering reflectivity correction, three diffuse reflective plates (Guangzhou Changhui
Electronic Technology Co., Ltd.) (Figure 2c), with reflectivity values of 10%, 50%, and 90%,
respectively, were placed on the ground when the UAS was flying.

p - S o S
10% 50% 90%

e

Figure 2. (a) UAS with digital camera for V images, (b) UAS with multispectral camera for V-NIR
images, and (c) diffuse reflective plates.

2.5. Image Processing

Pix4Dmapper (https://www.pix4d.com/; accessed on 20 December 2020) was used
to generate orthophotos from acquired images. This process included importing images,
aligning them, constructing dense point clouds, constructing grids, generating orthophotos,
generating TIFF format images with geographic coordinate systems, and performing grid
division using default parameter analysis. Then, for radiometric calibration, calibration
boards were used to convert the image value into image reflectivity through the reflectivity
measured by the ground target. Python3.7.8 was used to calculate the corresponding
VI from the V images and V-NIR images (Table 3). Three rice plants were randomly
selected from each plot to represent the sampling points of that plot. ArcGIS10.3 (https:
/ /www.esri.com; accessed on 5 January 2021) was used to draw the region of interest (ROI)
in the center of each plot and the average values of various VIs at different periods in each
ROI were extracted as the VI for each plot.
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Table 3. List of VIs from V images and V-NIR images used in this study.

Indices Origin Vegetation Indices Formulation References

Green Leaf algorithm (GLA) 2xg—r—b)/2xg+r+b) [38]
Green Leaf Index (GLI) 2xg—r+b)/2xg+r+b) [38]
Green Red Vegetation Index (GRVI) (g—1)/(g+r1) [39]
Modified Green Red Vegetation Index (MGRVI) (g% —12)/(g% +1?) [5]
Vegetation Excess Green minus Excess Red (ExGR) 2xg—-r—-b)—(14xr—g) [40]
indices from Excess Red Vegetation Index (ExR) 14x1r)—g [41]
visible images Excess Blue Vegetation Index (ExB) (14xb)—g [42]
Excess Green Vegetation Index (ExG) @2xg—r—>b [43]
Visible Atmospherically Resistant Index (VARI) (g—1)/(g+r—D) [44]
Red Green Blue Vegetation Index (RGBVI) (g2 —b x 12)/(g> +b x 1?) [45]
Red Green Ratio Index (RGRI) r/g [46]

Normalized different vegetation index (NDVI) (NIR — R)/(NIR + R) [47,48]
Normalized difference red-edge (NDRE) (NIR — RE)/(NIR + RE) [48]
Vegetation Soil-adjusted vegetation index (SAVI) (I+L) > (NIR Ij :Rg)g(NIR +RE+L); [49]
Indices from Red edge ration vegetation index (RERVI) NIR/RE [50]
V-NIR images Red edge difference vegetation index (REDVI) NIR — RE [50]

Ration vegetation index (RVI) R/NIR [50,51]
Optimized soil-adjusted vegetation index (OSAVI) (NIR — R)/(NIR + R + 0.16) [52]

Renormalized difference vegetation index (RDVI) (NIR — R)/SQRT(NIR + R) [53,54]
Enhanced vegetation index (EVI) 24 x (NIR — RE)/(NIR + RE + 1) [53]

Note: 1, g, and b represent the reflectance values of the red, green, and blue bands of the V images, respectively;
and R, NIR, and RE represent the reflectance values of the red, near-infrared, and red-edge bands of the V-NIR
images, respectively.

2.6. Random Forest Algorithm

Machine learning models have been widely used to estimate crop growth variables.
Several studies have determined RF to be the best performing and most stable model [55,56].
Therefore, an RF algorithm-based model was developed to estimate the key growth vari-
ables of rice. Eleven VIs from V images and nine VIs from V-NIR images (Table 1) were used
as input layers and PH, LAI, AGB, and NNI were used as output layers. In the RF model,
the number of decision trees was 800, the maximum tree depth was 14, the maximum
number of features for the tree was four, and the minimum number of samples required for
internal node subdivision was three.

2.7. Model Building and Test

For building the RF model, 70% of the data from 2020 were used for training and the
remaining 30% were used for validation. To test the stability of the chosen optimal model
algorithm, V images from 2019 were used to predict rice growth variables based on the V
images model built for 2020. The coefficient of determination (R?) and root mean square
error (RMSE) were calculated to verify the reliability of the model as follows:

Y (X - XY - )
Y (X = X)L, (Y =Y

_ Iy 2
RMSE = ;l;(yl X;) 4)

where X; and Y; are the estimated and measured values, respectively; X and Y are the
average estimated and measured values, respectively; and 7 is the number of samples.
An overview of this study is presented in Figure 3. First, PH, LAI, AGB, NNI, V
images, and V-NIR images were obtained at the jointing, flowering, filling, and maturity
stages in 2019 and 2020. Then, estimation models of rice variables were established using

R2 = 3)
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the RF algorithm based on the two types of images from UAS for different stages and the
entire growth period in 2020. Finally, the model established in 2020 for the entire growth
period was tested using experimental data from 2019 to prove its feasibility.

J || I Vlmaes l

2 .
'PH | |AcB | | Lal | | nni | lPIX4DJ'Ej
- . Vis fr Vs fr
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Figure 3. Diagram of the method overview in this study. (PH, rice plant height; LAI, leaf area index;

AGB, aboveground biomass; NNI, nitrogen nutrient index; VIs, vegetation indices; V, visible; NIR,
near infrared; RF, random forest.

3. Results
3.1. Effects of Nitrogen Input on Rice Growth Variables

Figure 4 shows histograms of rice growth variables under different N fertilization
treatments at different periods in the Pukou and Luhe experiments. These results reflect
the status of each growth variable influenced by N fertilization factors and changes in rice
growth. The rice variables showed different characteristics under different fertilization
treatments during the same growth period. In the Pukou experiment, the pH in the N5,
N4, N3, and N2 treatments was equal in each growth period; however, the pH for each
growth period was lower in the N1 treatment. Similarly, in the Luhe experiment, the PH
in the Nb and Na treatments was approximately equal and slightly higher than that in
the Nc treatment for each growth period, which indicated that the same amount of N was
applied and the controlled-release fertilizer and conventional fertilizer treatments had little
effect on the PH. Reduced N fertilization or no fertilization would lower the PH and impact
rice growth.

In Pukou, the AGB was highest in the N5 and N4 treatments at the jointing and
flowering stages, followed by N2, N4, and N3. As rice growth proceeded, AGB became the
highest in the N4 treatment, followed by N3. Throughout the growth period, AGB was the
lowest in the N1 treatment. In the Luhe experiment, throughout the growth period, the
AGB was the highest in the Nb treatment, followed by Na, and then Nc, which indicated
that the nitrogen reduction treatment or no fertilizer application affected the AGB.

LALI first showed an increasing trend as the growth period progressed, peaking at
the filling period, and then gradually decreasing, probably due to increased yellow and
withered leaves at maturity. From the jointing to the filling periods, a greater proportion of
controlled-release N fertilizer resulted in a greater LAl value, showing a trend of N5 > N4 >
N3 > N2 > N1. In the Luhe experiment, the LAI of the Nc-treated field was larger than that
of the Nb-treated field during the jointing period. During the flowering period, the LAI
of the Na-treated field was smaller than that of the Nb-treated field, probably due to the
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incomplete release of controlled-release N at the jointing. During the flowering period, the
nitrogen from the controlled-release fertilizer treatment was released continuously, and the
conventional fertilizer application showed insufficient nitrogen; therefore, the LAl under
the conventional fertilizer treatment was smaller than that under the controlled-release
fertilizer treatment.
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Figure 4. Histograms of rice growth variables under different nitrogen treatments at different periods:
(ae) PH, (b,f), AGB, (c,g) LAI and (d,h) NNI in the Pukou and Luhe experiments, respectively.
N5, N4, N3, N2, N1 were different nitrogen treatments in Pukou experiment and Na, Nb, Nc were
different nitrogen treatments in Luhe experiment.
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In the Pukou experiment, throughout the growth period, the NNI was higher in
the N5, N4, and N3 treatments than in the N2 and N1 treatments, with the NNI in N1
always the lowest. In the Luhe experiment, the NNI in the three fertilizer treatments was
approximately equal during the jointing period. However, as rice growth proceeded, the
NNI in Nb treatment became greater than those in Na and Nc, which indicated that the
amount of N fertilizer applied and the release efficiency of N fertilizer impacted the NNI.
Overall, the results of this study indicate that different N applications resulted in significant
variability in rice growth variables over different growth periods.

3.2. Correlation between Rice Growth Variables and Vs from V Images and V-NIR Images

Linear correlation analysis of the rice growth variables was performed using VI from
V images and V-NIR images for each period (Table 4). The linear correlation coefficients of
PH and LAI with VI from V-NIR images were higher than those with VI from V images
throughout the entire growth period, indicating that V-NIR images were better for moni-
toring PH and LAI when using a simple linear model. For AGB and NNI, the correlation
coefficients of the measured data with VI from V images were better than those with VI
from V-NIR images throughout the growth period.

Table 4. Correlation coefficients of rice growth variables with VIs from V images and V-NIR images
in different growth periods.

Physiological Growth Stages VI from V Images VI from V-NIR Images

Variables Optimal VI R? Optimal VI R?
Jointing VARI 0.52 ** REDVI 0.57 **+
Flowering RGRI 0.15 RERVI 0.34 **
PH Filling MGRVI 0.50 *** NDRE 0.53 ***
Maturity RGBVI 0.14 RVI 0.30 **
Jointing VARI 0.62 *** SAVI 0.58 ***

Flowering ExB 0.20 RERVI 0.16

AGB Filling ExB 0.35 ** NDRE 0.26 *
Maturity GLI 0.39 ** RVI 0.29 *
Jointing VARI 0.60 *** EVI 0.62 ***
Flowering RGRI 0.19 RERVI 0.41 %=+
LAl Filling RGBVI 0.48 ** NDRE 0.57 *+
Maturity GLA 0.56 *** RVI 0.57 ***
Jointing EXGR 0.47 *** NDVI 0.42 %+

Flowering MGRVI 0.33 ** REDVI 0.28 *
NNI Filling GRVI 0.48 *** NDRE 0.35 **
Maturity VARI 0.79 *** REDVI 0.76 ***

*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 with p-values less than 0.01; 50 samples from 2020 were involved in each
linear correlation analysis. VARI, visible atmospherically resistant index; RGRI, red-green ratio index; MGRVI,
modified green red vegetation index; RGBVI, red green blue vegetation index; VARI, visible atmospherically
resistant index; ExB, Excess blue vegetation index; GLI, green leaf index; GLA, green Leaf algorithm; ExGR, excess
green minus excess red; GRVI, green red vegetation index; REDVI], red edge difference vegetation index; RERVI,
red edge ration vegetation index; NDRE, normalized difference red-edge; RVI, ration vegetation index; SAVI,
soil-adjusted vegetation index; EVI, enhanced vegetation index; NDVI, normalized difference vegetation index.

However, the optimal VIs from images differed for each measured variable at different
growth periods and it was difficult to select the VIs for practical applications. The corre-
lation coefficients of some VIs from images with the measured variables were relatively
poor: the correlation coefficient of PH with RVI was 0.3 at the maturity period and that
of AGB with ExB was 0.2 at the flowering period, meaning they were not conducive to
the estimation of the rice growth variable. Therefore, a method is needed to integrate the
optimal VI from images with the measured rice variables to establish an estimation model
for predicting rice growth variables.
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3.3. RF Models Validation for Rice Growth Variable Estimation per Growth Stage

An RF model was built to estimate rice growth variables with VI from V-NIR images
and V images for different periods and the results are shown in Figure 5. For PH, the
estimation using VI from V-NIR images was the best; however, for AGB, LAI, and NNI,
VI from V images obtained the best results. The validation accuracy exceeded 0.8 for the
estimations of all growth variables, which demonstrated that the estimation accuracy of
rice growth variables could be improved by using the RF algorithm combined with images
from UAS, and that V images and V-NIR images both performed well in estimating rice
growth variables in different growth periods.
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Figure 5. Comparison of validation results of RF models used for estimating (a) PH, (b) AGB, (c) LAI,
and (d) NNI using V images and V-NIR images at different growth periods.

3.4. RF Models Validation for Rice Growth Variable Estimation in Full Stage

Rice growth variables and VI from V images and V-NIR images at the jointing, flow-
ering, filling, and maturity periods were measured in the two experimental areas and
integrated to form a database of multiperiod VIs. The RF models were built separately
using different rice growth variables with VI from V images and V-NIR images, and the
validations are shown in Figure 6. The R? of the RF model using either VI from V images or
VI from V-NIR images for each rice growth variable was greater than 0.9, indicating that
the estimations were well achieved using both image types. For the estimations of PH, LAI,
AGB, and NNI, the validation accuracy using VI from V images was slightly higher than
that obtained using VI from V-NIR images.
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Figure 6. Validations of (a,b) pH, (c,d) LAI (e f) AGB, and (g,h) NNI with RF models based on VI
from V images and V-NIR images, respectively, in full growth stage.
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Overall, the RF models using V images and V-NIR images from UAS both achieved
good results. However, as V images are much cheaper than V-NIR images, the RF model
established based on V images is better for monitoring rice growth.

3.5. Test of the RF Model Using V Images

The V images from UAS acquired in 2020 were used to build models which were tested
using VI from V images from 2019. Figure 7 shows the scatter plot of the measured variables
in 2019. The PH, LAI, AGB, and NNI values estimated by the V image-RF model showed
good validation accuracy. The validation accuracies of PH and LAI were the highest, with
RZ values of 0.75 and 0.75 and RMSE of 11.68 and 1.58, respectively. The R? between the
measured and estimated AGB was 0.72 and the RMSE was 3.74. For the estimation of NNI,
although R? was slightly smaller, it was still close to 0.7. Therefore, the model established
using V images by UAS and the RF algorithm showed promise for monitoring rice growth.
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Figure 7. Test plots of measured and estimated values using the established V image—-RF model in
the full growth stage in 2020. Tests of (a) PH; (b) LAIL (c) AGB; and (d) NNI in 2019.

4. Discussion
4.1. Changes of Rice Growth Variables under Different Nitrogen Treatments

By analyzing the measured rice growth variables under different fertilizer treatments
in the two experimental fields, in all plots except the unfertilized plots, AGB gradually
increased between the jointing and maturity stages, peaking in the maturity stage; NNI
gradually decreased, reaching its lowest in the maturity stage; and PH and LAl first
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increased and then decreased. In the unfertilized plots, AGB gradually increased with
the growth stage, but PH, LAI, and NNI did not change significantly in the middle and
late growth periods. Rice growth variables did not improve with increasing percentage
of controlled-release N fertilizer. However, most growth variables with controlled-release
N fertilizer were slightly larger than those with conventional fertilizer and significantly
larger than those with reduced N fertilizer and no fertilizer, indicating that the different
applications had a relatively large effect on rice growth [57,58]. The key rice growth
variables were monitored using V-images and V-NIR images, and the different nitrogen
application treatments increased the variability of rice growth between plots, which met
the needs of this study.

4.2. Comparison of the V Images and V-NIR Images from UAS

Vegetation canopy structural characteristics and growing conditions are the main
factors that affect vegetation canopy reflectance [59]. With the rapid development and
popularity of UAS technology, UAS is increasingly being used for crop phenotype monitor-
ing. UAS can carry different types of sensors, each with advantages and disadvantages.
Hyperspectral cameras can acquire images with multiple and narrow band information [60];
however, too much spectral information can result in the redundancy of band informa-
tion [61]. In addition, although studies have shown that crop growth condition monitoring
and yield estimation can be achieved using UAS for V-NIR images [62,63], UAS for V-NIR
images incurs higher costs than UAS for V images in the application of field crops. Light
detection and ranging (LiDAR) technology has also been used to estimate crop height and
AGB [64,65]; however, this technology is often unable to accurately estimate relatively short
crop canopies. In addition, like hyperspectral cameras, the high cost of LIDAR limits its
application in agriculture.

In this study, rice growth variables were monitored using V images and V-NIR images
from UAS. Many VIs were extracted using the waveband combinations of these two types
of images, all of which correlated well with rice growth variables during certain growth
periods. The RF estimation models based on both VI from V-NIR images and V images
showed similar results for the tested rice variables. Considering that V images from UAS is
much cheaper than V-NIR images from UAS, V images from UAS is more promising for rice
variable estimation. However, V-NIR images have rich waveband information which can
be useful for particular crop types and monitoring indicators. Therefore, the adaptability of
both UAS to different crop types and indicators must be evaluated in future studies.

4.3. Application of RF Algorithm Modeling

The application of linear models for estimating rice growth variables requires each
VI to be modeled separately with different variables and the optimal model to be se-
lected manually, which was complex. In addition, only one VI is selected in the mod-
eling process, which makes the models unstable. In recent years, models that combine
multiple VIs using machine learning algorithms to estimate crop growth variables have
been developed [51,63,66,67]. This study used the RF algorithm, which was determined
to be the optimal algorithm by many studies that compared different models for crop
monitoring [55,56,68].

4.4. Feasibility of Estimating Rice Growth Variables Using RGB UAS

This study conducted experiments with different rice varieties and fertilization treat-
ments and developed an RF estimation model using V images and V-NIR image by UAS
from 2020 combined with the measured growth variables of rice at the jointing, flowering,
filling, and maturity periods. The R? values of PH, LAI, and AGB were all greater than
0.7, and that of NNI was 0.68, which indicated that it was feasible to estimate rice growth
variables using V images from UAS and that the RF model established using the V images
was suitable for rice growth variable estimation.
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5. Conclusions

Under different nitrogen application treatments, pH, AGB, LAI, and NNI significantly
differed by growing period. Nitrogen fertilizer significantly impacted rice growth, which
provided variability for the estimation of rice growth variables by establishing the corre-
lation between rice growth variables and VIs from images by UAS. When using a simple
linear model, the estimations using V-NIR images by UAS were better than those using
V images for PH and LAI but worse for AGB and NNI. The RF model improved the esti-
mation accuracy with an R? greater than 0.8 for every growth period (and greater than 0.9
for the full-growth period). A model test using measured rice variables in a separate year
confirmed the effective performance of the RF model established using VI from V Images
by UAS. Overall, the V image by UAS was ideal for estimating rice growth variables and
was the optimal choice in terms of cost and accuracy.
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