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Abstract: As prior information for precise nitrogen fertilization management, plant nitrogen content
(PNC), which is obtained timely and accurately through a low-cost method, is of great significance
for national grain security and sustainable social development. In this study, the potential of the
low-cost unmanned aerial vehicle (UAV) RGB system was investigated for the rapid and accurate
estimation of winter wheat PNC across the growing season. Specifically, texture features were utilized
as complements to the commonly used spectral information. Five machine learning regression
algorithms, including support vector machines (SVMs), classification and regression trees, artificial
neural networks, K-nearest neighbors, and random forests, were employed to establish the bridge
between UAV RGB image-derived features and ground-truth PNC, with multivariate linear regression
serving as the reference. The results show that both spectral and texture features had significant
correlations with ground-truth PNC, indicating the potential of low-cost UAV RGB images to estimate
winter wheat PNC. The H channel, S406, and R_SE and R_EN had the highest correlation among
the spectral indices, Gabor texture features, and grey level co-occurrence matrix texture features,
with absolute Pearson’s correlation coefficient values of 0.63, 0.54, and 0.69, respectively. When the
texture features were used together with spectral indices, the PNC estimation accuracy was enhanced,
with the root mean square error (RMSE) decreasing from 2.56 to 2.24 g/kg, for instance, when using
the SVM regression algorithm. The SVM regression algorithm with validation achieved the highest
estimation accuracy, with a coefficient of determination (R?) of 0.62 and an RMSE of 2.15 g/kg based
on the optimal feature combination of B_CON, B_M, G_DIS, H, NGBDI, R_EN, R_M, R_SE, S307,
and VEG. Overall, this study demonstrated that the low-cost UAV RGB system could be successfully
used to map the PNC of winter wheat across the growing season.

Keywords: plant nitrogen content; UAV RGB images; gabor filter; grey level co-occurrence matrix;
winter wheat

1. Introduction

Wheat is one of the three main cereal crops in China, and plays a critical role in
national grain security and sustainable social development [1]. Nitrogen is one of the
essential macronutrients required to maintain plant function and is a component of the
chlorophyll molecule, which drives crop growth and grain production. Nitrogen deficiency
could limit the photosynthesis of plants, resulting in a reduction in grain yield, whereas an
overdose of nitrogen could lead to resource waste, soil acidification, and environmental
pollution [2]. Therefore, precise nitrogen fertilization management, which requires the
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estimation of plant nitrogen content (PNC) as prior information, is of great significance for
national food security and sustainable development.

Traditionally, PNC was obtained using chemical analysis, in which crop plants need to
be destructively sampled, dried to a constant weight (which usually takes days), weighed,
and ground before the chemical analysis [3]. The disadvantages of the destructive, ex-
pensive, time-consuming, and laborious nature of the above method restricts its further
application to large fields and the timely instruction of nitrogen fertilization manage-
ment [4,5]. Obtaining the spatial-temporal information of PNC in a timely and accurate
manner in large fields becomes one of the main limitations for precise nitrogen fertilization
management.

With the development of remote sensing, various remote sensing platforms (satel-
lites, unmanned aerial vehicles, near-ground, etc.) have been effective tools for the non-
destructive acquisition of crop physiological and biochemical parameters [6-8]. Compared
to satellite and ground-based remote sensing platforms, the unmanned aerial vehicle (UAV)
remote sensing platform, with features including low cost, easy construction, high flexi-
bility, and high spatial-temporal resolution, has become an advanced field information
acquisition platform [9,10] and makes it possible to timely and accurately obtain high
spatial-temporal PNC information in large fields [11].

In previous studies, when the UAV remote sensing platform was adopted to esti-
mate the nitrogen information of crops, canopy spectral information was widely used
based on the theory that the difference in crop nitrogen content leads to changes in crop
morphological structure and leaf color; thus, the spectral information of these crops is
also variable [12]. For example, the leaf nitrogen content of wheat was estimated based
on canopy spectral information derived from UAV hyperspectral images [13] and UAV
multispectral images [14]. However, although crop nitrogen content could be timely and
accurately estimated in previous studies for wheat [13], maize [15], potato [16], rice [17],
and citrus [18], it is still difficult for famers to accept the high price of UAV hyperspectral
and multispectral systems in practical precise nitrogen fertilization management due to
the relatively higher price of the hyperspectral and multispectral cameras. The potential
of the UAV RGB system with a lower price should be explored for the rapid and accurate
estimation of crop nitrogen content.

In addition, in previous studies, spectral information was always taken as input
in estimation models of crop nitrogen content, which may perform poorly due to the
impacts of soil information and high canopy biomass [19]. The above limitations of spectral
information mean that crop nitrogen content could not be accurately obtained across
the growing season due the periodic and drastic changes in soil information and crop
biomass when spectral information was adopted separately. Texture information, which
was usually used in image classification [20,21], is an essential complement to the spectral
information and helps to segment objects or regions in an image. Similarly, the changes
in crop morphological structure and leaf color, which are caused by crop nitrogen content
differences, will also lead to changes in texture information [22,23], laying the theoretical
basis for estimating crop nitrogen content using texture information. However, fewer
studies have been conducted to estimate the PNC of winter wheat across the growing
season based on both spectral information and texture features derived from UAV RGB
images [24].

The main objectives of this study were as follows: (1) to evaluate the performance of
the spectral and texture features derived from UAV RGB images in estimating the PNC of
winter wheat; (2) to explore the optimal regression algorithm and input features for the
accurate estimation of PNC; and (3) to timely and accurately obtain the winter wheat PNC
distribution across the growing season, with high spatial-temporal resolution using the
low-cost UAV RGB system.
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2. Materials and Methods
2.1. Experiment Description

The research site was in Zhenjiang, Jiangsu province, China (31°5748.9” N, 119°17'54.5" E,
elevation 17 m), with the soil type classified as loamy sand according to the soil classification
system developed by the United States Department of Agriculture [25]. The pH and organic
matter content of the soil were 6.35 and 18.8 g/kg, respectively. The percentages of clay,
powder, and sand in the soil layer were 1.27%, 10.42%, and 88.31%, respectively. Winter
wheat, with five varieties of Yangmai29 (S1), Zhenmail5 (52), Ningmaizi216 (S3), Yangmai25
(54), and Zhenmail68 (S5), was planted on 10 Nov 2022 and was harvested on 7 Jun 2023.
Five different nitrogen levels (i.e., 0 (N0), 90 (N1), 180 (N2), 270 (N3), and 360 (N4) kg/ha)
were applied to the five winter wheat varieties, each with five replications. Namely, the
experiment had a total of 25 treatments, comprising five nitrogen levels and five winter
wheat species, each with five replications. This resulted in 125 experimental plots, each
with an area of 4.8 m?. Before the experiment began, soil samples were collected to test the
content of total nitrogen, phosphorus, and potassium, with the results of 0.438, 0.460, and
13 g/kg, respectively. Figure 1 shows an overview of the experimental design in this study.
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Figure 1. Overview of the winter wheat experimental design. R1-R5 presents replication areas of 1 to
5, NO-N4 represents nitrogen levels of 0 to 4, and S1-55 represents winter wheat species of 1 to 5.

GCP is the abbreviation used for ground control point.

2.2. Measurement of Plant Nitrogen Content of Winter Wheat

Samples of winter wheat plants in replications 1, 3, and 5 were destructively collected
and placed in sealed bags from each plot at five key growth stages in 2023, including the
jointing (08 April), flowering (20 April), filling (30 April), milk (8 May), and dough stages
(23 May). After bringing these plant samples to the laboratory, they were oven-dried at
105 °C for 0.5 h and then at 80 °C for more than 48 h until the mass stabilized. After the dry
mass was recorded, these dry samples were ground and their PNC values were determined
using the Kjeldahl method [3]. Throughout the whole growing season, a total of 375 PNC
samples were obtained. The outliers of PNC values were deleted for each growth stage,
resulting in a total of 370 effective PNC samples.
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2.3. UAV RGB Image Acquisition and Preprocessing

The UAV RGB images were collected on the same date using a Zenmuse P1 camera
integrated on a DJI M300 RTK UAYV platform (Da-Jiang Innovations, Shenzhen, China). The
flight height, heading and side overlap, and ground sample distance were 30 m, 85% and
85%, and 3.7 mm, respectively. The Pix4DMapper software (Pix4D Inc., Prilly, Switzerland)
was used to mosaic the UAV RGB images. The RTK differential GNSS device (CHCNAYV,
Shanghai, China) was utilized to measure the coordinates of the ground control points
shown in Figure 1 and to correct the geographic location information of the images. The
shapefile data of 125 plots (Figure 1), which were manually derived using ENVI 5.3 software
(Harris Corp, Bloomfield, CO, USA), were used to extract the regions of interest from the
ortho-mosaic using R language.

2.4. Calculation of Spectral Indices and Texture Features

The three single-bands (red, blue, and green), H channel derived from the HSV color
space, A channel derived from the Lab color space, and eight vegetation indices (hereafter
noted as spectral indices) were selected as the inputs for the regression model to estimate
the PNC of winter wheat. Table 1 shows the calculation formulas of the eight vegetation
indices. Except for the above spectral indices, the texture features, derived using both
the Gabor [26] and the grey level co-occurrence matrix (GLCM) [23] methods, were also
adopted as inputs to estimate the PNC. Specifically, the Gabor textures were calculated
from RGB images with Gabor filters of size 5 x 5 obtained at 5 scales and 8 orientations. A
total of 40 Gabor texture features were constructed and noted using the number of scale
and orientation. For example, the Gabor texture feature of 5102 means that it was obtained
under the first scale and the second orientation. The contrast (CON), entropy (EN), variance
(VAR), mean (M), homogeneity (HOM), dissimilarity (DIS), and second moment (SE) were
selected as GLCM texture features and were derived from red, blue, and green bands using
the smallest window size (3 x 3 pixels). Therefore, a total of 21 GLCM texture features
were chosen. Finally, a total of 13 spectral indices, 40 Gabor texture features, and 21 GLCM
texture features were selected to estimate the PNC of winter wheat across the growing
season.

Table 1. Vegetation indices used in this study. R, G, and B are the abbreviations for the red, green,
and blue bands.

Vegetation Index Formula
Visible atmospherically resistant index [27] VARI =(G—R)/(G+R—B)
Vegetative index [28] VEG = G/ (R%667 4 p(1-0667))
Green-red vegetation index [29] GRVI=(G-R)/(G+R)
Excess green index [30] ExG=2G—R—-B
Excess G minus excess red index [31] ExGR =3G —24R — B
Red-green ratio index [32] RGRI=R/G
Normalized blue-red difference index [27] NGRDI = (G—-R)/(G+R)
Normalized blue-green difference index [33] NGBDI=(G—-B)/(G+B)

2.5. Machine Learning Modelling and Statistical Analysis

To establish the PNC regression model based on the features derived from the UVA
RGB images and to evaluate their applicability, the whole dataset was divided into two
parts, namely the training dataset, with data pairs collected in replications 1 and 5, and
the validation dataset, with data pairs collected in replication 3. Table 2 shows the basic
statistics of the PNC of winter wheat at different growth stages for the two datasets.
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Table 2. Basic statistics of the plant nitrogen content (PNC) of winter wheat at different growth stages
for the two datasets.

Dataset Stage Min (g/kg) Max (g/kg) Mean (g/kg) CV (%)
Jointing 6.86 27.00 15.01 35.49
Flowering 5.16 12.96 8.71 26.13
Training Filling 4.33 13.63 8.02 28.44
Milk 4.09 11.20 7.49 25.55
Dough 2.53 10.78 7.26 26.08
Jointing 6.63 23.55 13.28 35.39
Flowering 4.89 12.00 8.01 27.25
Validation Filling 4.28 11.56 7.93 25.42
Milk 4.12 11.47 7.86 27.53
Dough 4.46 9.81 6.70 23.31

Five machine learning regression algorithms, including the K-nearest neighbor (KNN),
classification and regression tree (CART), artificial neural network (ANN), support vector
machines (SVMs), and random forest (RF) regression algorithms, were chosen to establish
the PNC estimation models, using the multivariate linear regression (MLR) algorithm as
the reference. The CART, KNN, ANN, SVM, RF, and MLR algorithms were implemented
using the “rpart”, “kknn”, “nnet”, “e1071”, “randomForest”, and “Im” packages in the R
language. The coefficient of determination (R?) and the root mean square error (RMSE)
were calculated for the evaluation.

To reduce the redundancy of each input dataset and decrease the computational
burden, the mRMR method [34] was used first to select the top 8 scored features for
spectral indices, Gabor texture features, and GLCM texture features, respectively. Then, the
Wrapper method [35], with a sequential forward fashion, was adopted to further filter the
optimal combination of SI and texture features for each regression algorithm, using RMSE
as the evaluation indicator. A total of seven feature combinations were used in this study,
including spectral indices (SIs), Gabor texture features (Gabor), GLCM texture features
(GLCMs), SI plus Gabor, SI plus GLCM, Gabor plus GLCM, and SI plus Gabor and GLCM.

3. Results
3.1. Variation in the PNC of Winter Wheat across the Growing Season

To confirm that different nitrogen levels were successfully applied across the growing
season, bar plots of PNC were drawn for the five key growth stages of winter wheat, with
nitrogen application levels and winter wheat species as the two factors. As shown in
Figure 2, with an increase in nitrogen application levels, an increasing trend of PNC was
observed in most of the growth stages for most of the five species. Taking the PNC values
of species 1, for example, in the flowering stage, the mean PNC values for the five nitrogen
application levels were 6.00, 6.96, 8.68, 9.31, and 10.26 g/kg, respectively. At the same time,
it was observed that the relationship of the PNC values of N2, N3, and N4, which were
greater, was not stable. As for species 2, in the flowering stage, the PNC values for N2, N3,
and N4 were 9.96, 10.18, and 10.48, respectively. In the milk stage of species 2, the PNC
values for N2, N3, and N4 were 8.60, 9.38, and 8.41, respectively. When observing the PNC
trend across the growing season, similar trends were observed for the five winter wheat
species; that is, they gradually decreased from the jointing stage to the dough stage, with
mean PNC values of 14.43, 8.24, 8.04, 7.72, and 7.13 g/kg for species 1, for example. Overall,
different nitrogen stress statuses were successfully applied for five winter wheat species
across the growing season.
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Figure 2. Plant nitrogen content (PNC) bar plots, which were drawn for the five key growth stages of
winter wheat, with nitrogen application levels and winter wheat species as two factors.

3.2. Correlation between PNC and Each Individual Feature Derived from UAV RGB Images

As shown in Figure 3, H, RGRI, B, VEG, VARI, NGBDI, G, and GRVI were selected
using the mRMR method for spectral indices. 5201, S205, 5208, S303, 5304, S307, S404,
and S406 were selected as the Gabor texture features. As for the GLCM texture features,
they were R_SE, R_M, B_CON, B_M, B_SE, G_VAR, G_DIS, and R_EN. Specifically, among
the eight spectral indices, the H channel had the highest positive correlation with PNC,
with a Pearson’s correlation coefficient (r) value of 0.63, and GRVI had the lowest negative
correlation, with an r value of —0.32. When it comes to the Gabor texture features, S406 had
the highest negative correlation, with an r value of —0.53, and 5,0g had the lowest positive
correlation, with an r value of 0.16. As for the GLCM texture features, a higher correlation
was found, with a highest absolute r value of 0.69 for both R_EN and R_SE. The lowest
negative correlation was observed for B_CON, with an r value of —0.22. Overall, significant
correlations with PNC were found for the spectral indices and the texture features, which
were derived from UAV RGB images, indicating that they could be used as inputs for the
PNC regression models.

@ IO ©)

Cont Corr Con
0 10
| N N.
00 00 00
027 038 038 -039 -035
.os .,,, Ios
10 029 10 10
o
046 03 016 046 083 042 |2
S R I R
N S D A & D) >, 9 & o <
& & & & o?& & (?0) e"ob Qs O R os o o @7

Figure 3. Pearson’s correlation coefficient (r) between PNC and each individual feature derived from
the UAV RGB images. (a) Spectral indices, (b) Gabor texture features, and (¢) GLCM texture features.
3.3. Extraction of Optimal Features Derived from UAV RGB Images

Figure 4 shows the PNC estimation accuracy derived from the six regression algo-
rithms based on the optimal feature combination for each of the seven feature categories.
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Among the seven feature categories, the Gabor category had the lowest PNC estimation
performance for all of the six algorithms, with an RMSE that ranged from 3.17 to 3.50 g/kg.
The GLCM texture feature category had the best performance when one of the SI, Gabor, or
GLCM categories was individually adopted. The RMSE for CART, KNN, ANN, SVM, RF,
and MLR was 2.50, 2.45, 2.29, 2.36, 2.32, and 2.59 g /kg, respectively. Only the RMSE of MLR
was higher than for the SI feature category (2.54 g/kg). When the SI and GLCM features
were taken as inputs for the PNC regression models together, the performance of CART,
KNN, and MLR were improved, with an RMSE that decreased from 2.50 to 2.35 g/kg,
from 2.45 to 2.32 g/kg, and from 2.59 to 2.31 g/kg, respectively. The PNC estimation
performance of KNN, SVM, and RF was further improved when the Gabor features were
adopted together with the SI and GLCM features, with an RMSE that decreased from 2.32 to
2.25 g/kg, 2.30 to 2.24 g/kg, and 2.33 to 2.25 g/kg, respectively. As for the performance
of CART and MLR, they remained relatively stable, with an RMSE of 2.31 and 2.32 g/kg,
respectively. Overall, the combination of SI, Gabor, and GLCM features exhibited the best
PNC estimation performance for each of the six regression algorithms. Table 3 shows the
optimal features for each regression algorithm.
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Figure 4. PNC estimation accuracy derived from the six regression algorithms based on the optimal

feature combination for each of the seven feature categories.

Table 3. The optimal features for each PNC regression algorithm when the spectral indices, Gabor,
and GLCM texture features were all taken into consideration.

Category Algorithm Optimal Features
SI + Gabor + GLCM CART G_DIS, NGBDJ, R_EN, R_M, S304
SI + Gabor + GLCM KNN B_SE, G_VAR, H, R_EN, R_SE, 5404
SI + Gabor + GLCM ANN B_CON, NGBDJ, R_SE, S307
SI + Gabor + GLCM SVM B_CON, B_M, G_DIS, H, NGBDI, R_EN, R_M, R_SE, S307, VEG
SI + Gabor + GLCM RF B_CON, B_SE, NGBDI, 5208, S304
SI + Gabor + GLCM MLR B, B_CON, B_SE, G, G_DIS, H, NGBDI, R_EN, R_M, R_SE, 5208, S304, S404, VEG

3.4. Evaluation of PNC Estimation Models Established Based on the Optimal Features

Figure 5 shows the correlation between the estimated PNC and the ground-truth PNC.
When the data collected in replication 3 were used for the evaluation, all PNC models,
which were established from the six regression algorithms based on their corresponding
optimal features, could be successfully used to estimate the PNC of winter wheat, with
an R? that ranged from 0.38 to 0.62 and an RMSE that ranged from 2.76 to 2.15 g/kg.
Among the six regression algorithms, the PNC estimation model established from the SVM
exhibited the best performance, with an R? of 0.62 and an RMSE of 2.15 g/kg, followed
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by MLR, with an R? of 0.59 and an RMSE of 2.23 g/kg. The performance of the other four
machine learning algorithms (CART, KNN, ANN, and RF) were all lower than MLR, with
an R? that ranged from 0.38 to 0.54 and an RMSE that ranged from 2.76 to 2.37 g/kg. In
addition, a more dispersed distribution was observed for the jointing stage compared to
the other four key growth stages of winter wheat. Overall, the PNC estimation model
established from the SVM regression algorithm based on the optimal features of B_CON,
B_M, G_DIS, H, NGBDI, R_EN, R_M, R_SE, S307, and VEG exhibited the best performance.
Therefore, the SVM model was chosen to map the PNC of winter wheat.
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Figure 5. Estimation performance of the PNC models, which were established based on corresponding
optimal features. The black dashed line is 1:1 line.

3.5. Mapping PNC Using the SVM Regression Model Based on UAV RGB Images

As shown in Figure 6, a similar trend of winter wheat PNC, as depicted in Figure 2,
was found among different nitrogen application levels. Namely, an increasing trend of
PNC was observed with increasing nitrogen application. PNC differences among the
different winter wheat species were also found. In the dough stage, this phenomenon was
more obvious. Different ripeness was observed on 23 May 2023 (dough stage), resulting
in a relatively greener plant with a higher PNC. In addition, due to field heterogeneity,
PNC differences were also observed in each small plot, demonstrating the significance of
capturing the spatial-temporal distribution of PNC.
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Figure 6. PNC maps of winter wheat obtained from the UAV RGB images and the SVM regression
algorithm.

4. Discussion

PNC, which is an important indicator of nutritional status, could be used to generate
nitrogen fertilizer prescriptions to guide precise nitrogen fertilization management [36].
The timely and accurate acquisition of the high spatial-temporal distribution of PNC
through a low-cost method will accelerate the process for famers using PNC information
to guide precise nitrogen fertilization management. Different to previous studies, the
UAV hyperspectral or multispectral system was replaced by a low-cost UAV RGB system
in this study to map the PNC of winter wheat across the growing season. Spectral and
texture features derived from UAV RGB images were used as inputs for machine learning
regression algorithms to estimate PNC.

Similar to the spectral information derived from UAV hyperspectral or multispectral
images [14,15], a significant correlation was found between the spectral index derived from
UAYV RGB images and the ground-truth PNC. The highest correlation, with a positive r
value of 0.63, was found for the H channel of the HSV color space, which was higher than
the green band, which had a negative r value of —0.53. The reason may be that, compared
to the RGB space, H represents the hue, which refers to pure color [37], making it more
sensitive to capturing the color changes caused by nitrogen nutrition differences. As is
well known, nitrogen deficiency can lead to decreased crop chlorophyll content, which
subsequently leads to leaf yellowing [38]. A significant correlation between the UAV RGB
spectral index and the ground-truth PNC or leaf nitrogen content has also been observed
for cotton [39], potato [40], sugarcane [41], and winter wheat [42,43].

When using UAV RGB images to estimate the plant or leaf nitrogen content of winter
wheat, two main drawbacks were identified in previous studies [24,42,43]. Firstly, reliance
solely on spectral features (usually the vegetation indices). Secondly, the absence of a
universal nitrogen content estimation model across the growing season. The main drawback
of spectral information in estimating crop growth information is that its performance could
be affected by soil information and high canopy biomass [19]. In addition to spectral
information, the potential of UAV RGB images should be further explored for the accurate
estimation of PNC across the growing season for winter wheat. In this study, texture
features derived from UAV RGB images were used as a complement to spectral information
to establish a universal estimation model of winter wheat PNC across the growing season.
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Specifically, both Gabor and GLCM texture features had significant correlations with
the ground-truth PNC. The highest negative r value of —0.54 was observed for the 5406
Gabor texture feature, and the GLCM texture features of R_SE and R_EN had the highest
correlation, with an absolute r value of 0.69. When it comes to estimating PNC across the
growing season, higher estimation performance was achieved by the combining spectral
indices and texture features (Figures 4 and 5). The SVM regression algorithm exhibited
the best performance, with a validation R? of 0.62 and an RMSE of 2.15 g/kg based on
the optimal feature combination of B_CON, B_M, G_DIS, H, NGBDI, R_EN, R_M, R_SE,
5307, and VEG. Compared to UAV multispectral images, comparable crop nitrogen content
estimation performance was achieved. For example, the leaf nitrogen content estimation
model of wheat was established based on the NDVI (730, 850) across the growing season,
with a validation R? of 0.6037 and a relative RMSE of 0.1217 [23]. Overall, in this study, the
UAV RGB system proved to be an effective low-cost tool for mapping winter wheat PNC
across the whole growing season.

5. Conclusions

The results show that both spectral and texture features derived from low-cost UAV
RGB images had a significant correlation with the ground-truth PNC of winter wheat. The
H channel of the HSV color space among the eight spectral indices exhibited the highest
correlation, with a positive r value of 0.63, which was higher than the green band, with a
negative r value of —0.53. The reason for this may be that the H channel, which refers to
pure color, is more sensitive to the color changes caused by nitrogen nutrition deficiency.
Among the eight Gabor texture features, S406 had the highest negative correlation, with an
r value of —0.54. The GLCM texture features of R_SE and R_EN had the highest correlation,
with an absolute r value of 0.69. When the texture features were taken as a complement to
spectral indices, the PNC estimation performance was enhanced across the growing season.
The highest estimation accuracy was achieved using the SVM regression algorithm, with a
validation R? of 0.62 and an RMSE of 2.15 g/kg based on the optimal feature combination
of B_CON, B_M, G_DIS, H, NGBDI, R_EN, R_M, R_SE, 5307, and VEG. Overall, this study
demonstrated that the low-cost UAV RGB system could be successfully used to map the
PNC of winter wheat across the growing season.
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Nomenclature
PNC Plant nitrogen content UAV Unmanned aerial vehicle
Hue in .
H channel Hue-Saturation-Intensity 5i0j Gabor f(.eature d'erlve(.tl ata .
scale of i and orientations of j
color space
GLCM Grey. level co-occurrence VARI Vis.ible atmospherically
matrix resistant index
CON Contrast in GLCM VEG Vegetative index
EN Entropy in GLCM GRVI Green-red vegetation index
VAR Variance in GLCM ExG Excess green index
M Mean in GLCM ExGR Excess G minus excess red
index
HOM Homogeneity in GLCM RGRI Red-green ratio index
DIS Dissimilarity in GLCM NGRDI Normalized blue-red
difference index
SE Second moment in GLCM NGBDI Normallzed blue-green
difference
R Red KNN K-nearest neighbor
G Blue CART Classification and regression
tree
B Green ANN Artificial neural network
R/G/B_CON CON from red/green/blue =~ SVM Support vector machine
R/G/B_DIS DIS from red/green/blue RF Random forest
R/G/B_EN EN from red/green/blue MLR MulthEf\rlate linear
regression
R/G/B_M M from red/green/blue RMSE Root mean square error
R/G/B_SE SE from red/green/blue R? Coefficient of determination
R/G/B_VAR VAR from red/green/blue CV Convariance
SI Spectral indices
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