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Abstract: Maize is one of the main grain reserve crops, which directly affects the food security of the
country. It is extremely important to evaluate the growth status of maize in a timely and accurate
manner. Canopy Chlorophyll Density (CCD) is closely related to crop health status. A timely and
accurate estimation of CCD is helpful for managers to take measures to avoid yield loss. Thus, many
methods have been developed to estimate CCD with remote sensing data. However, the relationship
between the CCD and the features used in these CCD estimation methods at different growth stages
is unclear. In addition, the CCD was directly estimated from remote sensing data in most previous
studies. If the CCD can be accurately estimated from the estimation results of Leaf Chlorophyll
Density (LCD) and Leaf Area Index (LAI) remains to be explored. In this study, Random Forest (RF),
Support Vector Machines (SVM), and Multivariable Linear Regression (MLR) were used to develop
CCD, LCD, and LAI estimation models by integrating multiple features derived from unmanned
aerial vehicle (UAV) multispectral images. Firstly, the performances of the RF, SVM, and MLR trained
over spectral features (including vegetation indices and band reflectance; dataset I), texture features
(dataset II), wavelet coefficient features (dataset III), and multiple features (dataset IV, including
all the above datasets) were analyzed, respectively. Secondly, the CCDP was calculated from the
estimated LCD and estimated LAI, and then the CCD was estimated based on multiple features and
the CCDP was compared. The results show that the correlation between CCD and different features
is significantly different at every growth stage. The RF model trained over dataset IV yielded the best
performance for the estimation of LCD, LAI, and CCD (R2 values were 0.91, 0.97, and 0.97, and RMSE
values were 6.59 µg/cm2, 0.35, and 24.85 µg/cm2). The CCD directly estimated from dataset IV is
slightly closer to the ground truth CCD than the CCDP (R2 = 0.96, RMSE = 26.85 µg/cm2) calculated
from LCD and LAI. The results indicated that the CCD of maize can be accurately estimated from
multiple multispectral image features at the whole growth stage, and both CCD estimation strategies
can be used to estimate the CCD accurately. This study provides a new reference for accurate CCD
evaluation in precision agriculture.

Keywords: machine learning; canopy chlorophyll density; multi-scale feature fusion; maize

1. Introduction

Maize (Zea mays L.) is one of the main grain reserve crops in China and plays an
important role in national stability and social development. As an important indicator of
photosynthetic capacity, timely and effective evaluation of the chlorophyll content status
of maize at the whole growth stage can help obtain the crop growth status, which can be
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used to assist agronomists in guiding crop fertilization to provide decision aid [1–3]. Leaf
Chlorophyll Density (LCD) represents the photosynthetic rate and health status of crops; it
is an indicator of the nutrient status of crop plants and photosynthesis [4,5]. LCD controls
the spectral response of leaves and then affects the canopy spectrum so that LCD can be
monitored by remote sensing. However, the canopy spectrum of crops is easily affected
by the canopy structure, and thus it is difficult to accurately estimate LCD only using the
canopy spectrum at the scale of an unmanned aerial vehicle (UAV) [6]. Leaf Area Index
(LAI) is an important parameter to characterize maize growth status, canopy structure, and
light absorption [6–8]. Canopy Chlorophyll Density (CCD), calculated from LCD and LAI,
is an indicator of crop population chlorophyll content monitoring. It is more suitable for
crop growth status monitoring than a single indicator (LCD or LAI) [9].

In recent years, many studies have attempted to reduce the influence of the parameter
confusion effect by excluding another parameter-sensitive band from the target parameter
estimation [10]. However, it is difficult to fully distinguish the effects of these two parame-
ters based on a single reflection spectrum, especially when the relationship between the
two parameters and the spectrum is inconsistent under different conditions [11]. During
the growth of maize, the competition of individual nutrient elements is closely related to
the planting density [12]. The vegetation index is a combination of the spectral reflectance
of two or more bands with an appropriate formula, which can highlight the characteristics
of vegetation and weaken the effects of background information [13]. In recent years,
many vegetation indices (VIs) have been developed to estimate CCD [9,14–16]. Red-edge
normalized difference vegetation index (NDVIrededge) derived from near infrared and red-
edge bands can successfully estimate CCD [6,17]. Lang et al. [18] analyzed the response
relationship between different vegetation indices and CCD under different coverage based
on UAV images to construct a model for CCD estimation. However, the phenomenon of
spectral heterogeneity (weak plants under high density and strong plants under low density
show the same spectrum) limits the application of spectral features [19]. Therefore, it is
necessary to explore various image transformation methods to solve this problem. Texture
features are extracted by analyzing the change of pixel values between adjacent pixels in
the image window, which reflects the surface structure, organization, and arrangement
attributes of the object surface with slow or periodic changes [20]. Previous studies have
proven the feasibility of using texture features to estimate crop biomass and LAI [21,22].
Compared with spectral features, the integration of spectral and texture features usually
provides more valuable information for the estimation of the target parameter [23]. The
discrete wavelet transform (DWT) is an effective signal-processing tool that decomposes
the original spectral signal into low- and high-frequency signals [24–26]. Xu et al. [27]
successfully monitored the chlorophyll content of maize using wavelet coefficients, which
proved that the wavelet transform can eliminate the interference information between
the bands and improve the accuracy of the inversion. Fortunately, with the development
of image transformation, feature fusion, and machine learning, the importance of fusion
features has been demonstrated in many fields [28–30].

The fusion of different features, including texture features, spectral bands, vegetation
indices, wavelets, and other image features, is an important way to improve the estimation
accuracy [19,31–33]. More features may obtain higher accuracy but cause information
redundancy and increase complexity [34]. It is important to select an appropriate number
of features for CCD estimation [35]. In recent years, many models have been developed to
estimate CCD based on multiple image features, but in most studies, the features extracted
from images are all used as input to machine learning algorithms. The relationship between
the CCD and the features used in these CCD estimation methods at different growth stages
is unclear and needs to be explored [36–39]. In addition, the CCD is directly estimated from
remote sensing data in most previous studies [32,40]. It remains to be explored if the CCD
can be accurately estimated from the estimation results of Leaf Chlorophyll Density (LCD)
and Leaf Area Index (LAI), since the ground truth CCD is calculated from ground truth
LCD and ground truth LAI. This study focuses on the following issues: (1) spectral features
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(including vegetation indices and band reflectance, dataset I), texture features (dataset II),
wavelet coefficient features (dataset III), and multiple features (dataset IV, including all the
datasets above) were extracted from multispectral images, and the correlation between
these four datasets and LCD, LAI, and CCD were analyzed at different growth stages
and different planting densities; (2) the performances of three machine learning methods
trained over dataset IV were compared to screen out the best LCD, LAI, and CCD estimation
methods; (3) the performances of selected machine learning methods trained over four
datasets were compared for CCD estimation; and (4) two CCD estimation strategies were
compared, and CCD mapping was completed based on UAV spectral images.

2. Materials and Methods
2.1. Study Area and Experimental Design

This study was conducted at the Xinxiang Comprehensive Trial Base (35.14◦ N, 113.76◦

E) of the Chinese Academy of Agricultural Sciences in Xinxiang, Henan Province (Figure 1).
The average annual temperature is 14 ◦C, and the average annual precipitation is 548.3 mm.
Our experiment was conducted in 2021 with fourteen maize cultivars and four planting
densities (56 plots, Figure 1). The total area of the study area is about 2679.6 m2, with an
east-west length of about 40.6 m and a north-south length of about 66 m. The width of
each plot is 4.2 m from east to west and 7.5 m from north to south. The spacing between
the plots is 1 m, and each plot is planted with 8 rows of maize. The seeding depth was
5 cm, the sowing spacing was 60 cm, and the sowing time was 15 June 2021. Base fertilizer
was applied uniformly before sowing at 750 kg/hm2, and irrigation was applied uniformly
after sowing at 105 t/hm2 on 16 August 2021. Other management measurements, including
interplanting and weeding, were handled uniformly.
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Figure 1. Study site and experiment plot. Note: P1–P14 represent different maize varieties, and
M1–M4 represent different densities of 3000, 4000, 5000, and 6000 plants per mu (about 45,000, 60,000,
75,000, and 90,000 plants per hectare).

2.2. Data Acquisition
2.2.1. Canopy Spectral Data

A multispectral camera (RedEdge-MX, Micasense Co., Seattle, DC, USA) with center
bands of 475, 560, 668, 717, and 840 nm mounted on a multi-rotor UAV (DJI-M600Pro,
SZ DJI Technology Co., Ltd., Shenzhen, China) was used to acquire multispectral images
of the experiment field (Figure 2). The flight mission was conducted between 10:00 and
14:00 under clear skies at five critical growth stages: V6 (9 July 2021), V8 (15 July 2021),
V11 (26 July 2021), V16 (3 August 2021), and R1 (11 August 2021). There are 56 plots at
V6, V8, V11, and R1, respectively, but only 48 plots at V16 due to an image missing; a
total of 272 samples were collected. The flight height was 20 m above ground; the speed,
navigation overlap, and side overlap were 1.7 m/s, 86%, and 75%, respectively. The
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resolution of the multispectral image is 0.01597 m, and the mission time is about 13 min.
Radiation calibration was done by manually controlling the UAV at a certain height above
the calibrated reflectance panel (clear and without shadows) for a few seconds before and
after the UAV mission to acquire the corresponding panel image. The panel image was
automatically calibrated using the Calibrate Reflectance tool on the Agisoft PhotoScan
software (version 1.4.5, Agisoft LLC, St. Petersburg, Russia). Finally, the orthographic
reflectance images were used to extract spectral features, texture features, and wavelet
coefficient features.
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Figure 2. The parameters of the RedEdge-MX multispectral camera (a). Corrected reflectivity panels
and a RedEdge-MX multispectral camera (b). The UAV (DJI-M600Pro) is equipped with a RedEdge-
MX multispectral camera (c).

2.2.2. Plant Measurements

The LCD was measured with Dualex Scientific+ (Force-A, Orsay, France) [41].
Yang et al. [42] showed that the average chlorophyll status of the ear-leaf, the first leaf above
the ear, and the first leaf below the ear can be used to represent the canopy chlorophyll
status in the reproductive stage. While at the vegetative stage, there was a good linear
relationship between the canopy chlorophyll status and the average leaf chlorophyll status
of the three spread leaves at the top of the plant [42]. In this study, the LCD of the ear-leaf,
the first leaf above the ear, and the first leaf below the ear were measured with Dualex at
the reproductive stage, while the LCD of the three spread leaves at the top of the plant was
measured with Dualex at the vegetative stage. For each plot, eight rows were planted in a
north-south direction, and the sampling locations were located at the center of each plot.
LCD was acquired by measuring three plants; four positions at the middle part of each leaf
were measured for each plant, and the average LCD was used as the LCD of the plot. LAI
was collected using SunScan (Delta-T Devices Ltd., Cambridge, UK). Four directions (0◦,
45◦, 90◦, and 135◦) were measured for each plot, and each direction was measured three
times. A total of 12 data points were measured for each plot, and the average value was
used as the LAI value of the plot. Then the CCD was calculated based on the LCD and LAI
with the method developed by Li et al. [43].

2.3. Data Processing

Figure 3 shows the methodology flowchart of this paper. It mainly contains three
parts: the measured data, the model and method, and target parameters. The detailed steps
are as follows:

(1) Three types of image features were extracted from the multispectral features, and four
multiscale datasets were constructed based on these three types of features;

(2) Combining the estimation accuracy and efficiency of LCD, LAI, and CCD, the best
estimation model was selected;

(3) Based on the optimal model, the optimal fusion feature set for estimating CCD
was evaluated;

(4) After comparing the two CCD estimation results, the CCD mapping of the UAV scale
was completed.



Agriculture 2023, 13, 895 5 of 22

Agriculture 2023, 13, x FOR PEER REVIEW  5 of 5 
 

 

(1) Three  types of  image  features were extracted  from  the multispectral  features, and 

four multiscale datasets were constructed based on these three types of features; 

(2) Combining the estimation accuracy and efficiency of LCD, LAI, and CCD, the best 

estimation model was selected; 

(3) Based on the optimal model, the optimal fusion feature set for estimating CCD was 

evaluated; 

(4) After comparing the two CCD estimation results, the CCD mapping of the UAV scale 

was completed. 

 

Figure 3. The flowchart of this study. Note: RF represents the random forest, SVM represents the 

Support Vector Machine, and MLR represents the Multivariable Linear Regression. 

2.4. Multi‐Scale Image Features 

2.4.1. Vegetation Indices (VIs) 

Thirteen chlorophyll‐related vegetation indices and five‐band reflectance (dataset I) 

were calculated from UAV multispectral images according to previous research (Table 1). 

These VIs were regarded as components of multi‐scale features and as input features of 

the CCD estimation model. The VIs of each plot were obtained by averaging the vegeta‐

tion indices of all pixels in each plot. The correlation coefficients (r) between the VIs and 

the LCD, LAI, and CCD were calculated. Then, the VIs were sorted according to the cor‐

relation coefficients. 

Table 1. The VIs used in this study. 

Vegetation Index  Formula  Reference 

Normalize Difference Vegetation 

Index 

(NDVI) 

𝜌 𝜌 𝜌 𝜌⁄   [44] 

Green Normalized Difference 

Vegetation Index (GNDVI) 
𝜌 𝜌 𝜌 𝜌⁄   [45] 

Optimized Soil Adjusted 

Vegetation Index (OSAVI) 

1 0.16 𝜌 𝜌
𝜌 𝜌 0.16

  [13] 

Figure 3. The flowchart of this study. Note: RF represents the random forest, SVM represents the
Support Vector Machine, and MLR represents the Multivariable Linear Regression.

2.4. Multi-Scale Image Features
2.4.1. Vegetation Indices (VIs)

Thirteen chlorophyll-related vegetation indices and five-band reflectance (dataset I)
were calculated from UAV multispectral images according to previous research (Table 1).
These VIs were regarded as components of multi-scale features and as input features of the
CCD estimation model. The VIs of each plot were obtained by averaging the vegetation
indices of all pixels in each plot. The correlation coefficients (r) between the VIs and
the LCD, LAI, and CCD were calculated. Then, the VIs were sorted according to the
correlation coefficients.

Table 1. The VIs used in this study.

Vegetation Index Formula Reference

Normalize Difference Vegetation IndexKunakorn(NDVI) (ρNIR − ρR)/(ρNIR + ρR) [44]
Green Normalized Difference Vegetation Index (GNDVI) (ρNIR − ρG)/(ρNIR + ρG) [45]

Optimized Soil Adjusted Vegetation Index (OSAVI) (1+0.16)(ρNIR−ρR)
ρNIR+ρR+0.16

[13]

Red-edge Chlorophyll Index (CIrededge) (ρNIR/ρREG)− 1 [16]
Structure-Insensitive Pigment IndexKunakorn(SIPI) (ρNIR − ρB)/(ρNIR − ρR) [46]

Enhanced Vegetation Index (EVI) 2.5×(ρNIR−ρR)
ρNIR+6×ρR−7.5×ρB+1

[47]

ROUPlant Pigment Ratio (PPR) (ρG − ρB)/(ρG + ρB) [48]
Red-edge NDVI (NDVIrededge) (ρNIR − ρREG)/(ρNIR + ρREG) [49]

MERIS Terrestrial Chlorophyll IndexKunakorn(MTCI) (ρNIR − ρREG)/(ρREG − ρR) [14]

Modified Chlorophyll Absorption Ratio Index (MCARI) (ρNIR − ρR − 0.2× (ρREG − ρG))×
(ρREG/ρR)

[9]

Transformed Chlorophyll Absorption Reflectance Index
(TCARI) 3× (ρREG − ρR)− 0.2× (ρREG − ρG)×

ρREG
ρR

[50]

Combined Index (TCARI/OSAVI) TCARI/OSAVI [51]
Difference Vegetation Index (DVI) (ρNIR − ρR) [52]

Note: ρR represents the reflectance of the red band, ρG represents the reflectance of the green band, ρB represents
the reflectance of the blue band, ρNIR represents the reflectance of the near infrared band, and ρREG represents the
reflectance of the red-edge band.

2.4.2. Texture Features

Eight texture features were extracted using a gray level co-occurrence matrix [53],
including average value, variance, uniformity, contrast, difference, entropy, second moment,
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and correlation (Table 2). The texture features of each plot were extracted from five single
bands with a 7 × 7 window size. A total of 40 texture features were calculated for each
growth stage (dataset II), and the texture feature most highly correlated with LCD, LAI,
and CCD will be selected as a component of multi-scale features.

Table 2. Texture features extracted from multispectral images.

GLCM-Based
Feature Abbreviation Formula

Mean Value MEAN MEAN = ∑N−1
i,j i× p(i, j)

Variance Var Var = ∑N−1
i=0 ∑N−1

j=0 p(i, j)(i− µ)2

Homogeneity Hom Hom = ∑N−1
i=0 ∑N−1

j=0
p(i,j)

1+(i−j)2

Contrast Con Con = ∑N−1
i=0 ∑N−1

j=0 p(i, j)(i− j)2

Dissimilarity Dis Dis = ∑N−1
i=0 ∑N−1

j=0 p(i, j)|i− j|
Entropy Ent Ent = −∑N−1

i=0 ∑N−1
j=0 p(i.j)log(p(i, j))

Angular Second
Moment ASM ASM = ∑N−1

i=0 ∑N−1
j=0 {p(i, j)}2

Correlation Cor Cor = ∑N−1
i=0 ∑N−1

j=0
(i−µi)(j−µj)

σiσj

Note: where N is the number of gray levels; p is the normalized symmetric gray level co-occurrence
matrix of dimension N × N; p(i, j) is the (i, j) element of p; µi = ∑N−1

i=0 ∑N−1
j=0 i× p(i, j); and σi =√

∑N−1
i=0 ∑N−1

j=0 p(i, j)(i− µi)
2.

2.4.3. Discrete Wavelet Transformation (DWT)

The DWT is a signal decomposition method that transforms the original signal into
the frequency domain with a base function (mother wavelet function) and has been widely
used to extract signal features [26,54,55]. The bior1.3 wavelet basis function was selected in
the study. The decomposition process is shown in Figure 4. Based on the one-dimensional
low-pass filter (L1), the input image was subjected to row convolution and downsampling
(D1), and the obtained image was subjected to column convolution and downsampling (D2)
with the one-dimensional low-pass filter (L2), and then the approximate sub-image (LL) can
be obtained. Similarly, we can also obtain the horizontal detail sub-image (LH), the vertical
detail sub-image (HL), and the diagonal detail sub-image (HH). The reflectivity image of
each band of the UAV multispectral image was transformed into a wavelet involving four
sub-images [19]. A total of 20 discrete wavelet coefficients were calculated for each growth
stage (dataset III).

2.4.4. Construction of a Multi-Scale Image Feature Dataset

The band reflectance and VIs were unified as the spectral feature category of the
image. Texture features represent the spatial information of the image, and wavelet features
represent the frequency and spectral details of the image [56,57]. In this study, the dataset I,
the dataset II, and the dataset III were integrated to construct the dataset IV (Table 3). The
training set and validation set of each dataset were divided by a proportion of 7:3. The
training set is composed of 196 samples, and the validation set is composed of 76 samples.

Table 3. Description of the four feature datasets.

Feature Dataset Band + VI Texture Wavelet

I
√

× ×
II ×

√
×

III × ×
√

IV
√ √ √
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2.5. Estimation Methods

Three types of methods were selected to build the estimation models of LCD, LAI, and
CCD, including multivariable linear regression (MLR), support vector regression (SVM),
and random forest regression (RF).

MLR is a statistical technique that estimates dependent variables (such as LCD, CCD,
and LAI) using the combination of multiple independent variables (such as Vis and texture
features) [38,58,59]. It is an effective, simple, and practical method to estimate the target
variables by the optimal combination of multiple independent variables [60].

SVM is a commonly used nonlinear kernel function [38,61,62]. The SVM method
outperformed other machine learning methods when the dataset was small. This study
selected the RBF kernel function, which has two very important parameters: penalty
parameter C and kernel parameter g. The penalty parameter C represents the tolerance
of the model to errors in order to achieve a balance between model accuracy and model
complexity [61]. The kernel parameter g controls the regression error of the model and
affects the complexity of the distribution of the sample data in the high-dimensional feature
space [62]. The above parameters were determined by MATLAB R2017a (version 9.2, Math
Works, Inc., Natick, MA, USA) software [39,63].

Random forest (RF) regression is a nonparametric regression technique based on the
decision tree method and bagging method [38,64]. Additionally, RF has the capacity to
efficiently process massive data and complex nonlinear relationships and is safe from
information redundancy and overfitting [38,61,65]. The RF model establishes multiple
unrelated decision trees by randomly sampling samples and features and obtains the
prediction results in a parallel manner. Each decision tree can obtain an estimation result
through the samples and features extracted, and the regression estimation result of the
whole forest can be obtained by averaging the results of all trees. The TreeBagger function
provided by MATLAB R2017a software was used in the random forest method. Its main
parameters are the minimum leaf size (minleaf) and the number of decision trees (ntree). In
this study, the minleaf and ntree parameters were set at 5 and 800, respectively. Therefore,
they were used in this study to evaluate the potential of multi-scale feature fusion in maize
chlorophyll content estimation.

2.6. Precision Evaluation

The coefficient of determination (R2), root mean square error (RMSE), and normalized
RMSE (NRMSE) were used to evaluate the performance of the models. In addition, the
adjusted coefficient of determination (R2

a) was introduced to decrease the influence of the
sample size (n) and the number of independent variables (k). The value of the R2

a will not get
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closer to 1 due to the increase in the number of independent variables in the regression [66,67].
The formulas of R2, RMSE, NRMSE, and R2

a are shown as Equations (1–4):

R2 =
∑n

i (ŷi −
_
y)

∑n
i (yi −

_
y)

(1)

RMSE =

√
∑n

i=1(ŷi − yi)
2

n
(2)

NRMSE =
RMSE

ymax − ymin
(3)

R2
a = 1−

[(
1− R2

)( n− 1
n− k− 1

)]
(4)

where ŷi is the predicted CCD, yi is the measured CCD,
−
y is the average measured CCD,

ymax is the maximum value of the CCD, ymin is the minimum value of the CCD, n is the
number of samples, and k is the number of independent variables.

3. Results and Analysis
3.1. Dynamic Changes of the LCD, LAI, and CCD

The dynamic changes of LCD, LAI, and CCD at the whole growth stage and under
different planting densities are shown in Figure 5. The results showed that the LCD, LAI,
and CCD increased with the growth of maize. At the same growth stage, LCD was inversely
proportional to density (Figure 5a), but LAI was proportional to density (Figure 5b). This
phenomenon was not obvious at the early stages (V6 and V8) of maize growth but became
significant at the later stages (V11, V16, and R1). Although CCD was the product of LAI
and LCD, it was more affected by LAI and was proportional to the density at the same
growth stage (Figure 5c). Figure 6 shows the changes in LCD, LAI, and CCD under different
varieties and different growth stages. The results show that the LCD, LAI, and CCD of
different varieties gradually increased with the growth of maize plants, but there were
differences among varieties. As shown in Figure 6a, the differences of the LCD, LAI, and
CCD among different varieties were small, but the differences of the LCD, LAI, and CCD
among different varieties were larger after V11.

3.2. Correlation Analysis of Image Features at Different Growth Stages

The correlation (correlation coefficient, r) between target variables (LCD, LAI, and
CCD) and three types of features (vegetation indices, wavelets, and textures) was analyzed
and sorted, and the results are shown in Figures 7–9. For each growth stage, a total of
78 features were sorted according to the r values from high to low. The results showed
that the correlation between target variables and different feature types is quite different at
different growth stages. The correlation between LCD and vegetation indices, texture, and
wavelet coefficient had great differences at the whole growth stage and presented a certain
regularity with the growth stage (the maximum r between LCD and vegetation indices
is 0.28–0.69, the maximum r between LCD and texture is 0.36–0.53, and the maximum r
between LCD and wavelet is 0.22–0.50). As shown in Figure 7a, the correlation between
band reflectance (such as B4, B2, and B5) and LCD is high at the early growth stage (V6
and V8) but poor at the late stage (V11, V16, and R1). The VIs with high correlation at
the early growth stage (V6 and V8) did not perform well at the late growth stage (V11,
V16, and R1), such as PPR, MCARI, and TCARI. As shown in Figure 8a, for the texture
features (Con_B2, Dis_B2, Hom_B2, Var_B2, and Mean_B4) with better correlation with
LCD at the V6 stage, the correlation between these texture features and LCD decreased
with the growth process. They were not obviously different at the whole growth stage
for the correlation between LAI and vegetation indices, texture, and wavelet coefficient
(the maximum r between LAI and vegetation indices is 0.77–0.91, the maximum r between
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LAI and texture is 0.64–0.84, and the maximum r between LAI and wavelet is 0.47–0.84).
As shown in Figure 9a, some wavelet features (such as B4_LL and B5_LL) yielded better
correlation with LCD at the early stage (V6 and V8) than at the later growth stage (V11, V16,
and R1). While some wavelet features (such as B1_HH and B2_HL) were poorly correlated
with LCD at the early stage (V6, V8, and V11), they yielded a higher correlation with
LCD at the later stage (V16 and R1). The vegetation indices yielded a higher correlation
with LAI than that of the texture features and wavelet coefficients (Figure 7b). There were
some texture features and wavelet coefficients that were highly correlated with LAI at each
growth stage (Figures 8b and 9b), which indicated the importance of texture features and
wavelet features to LAI. The correlation between CCD and vegetation indices (Figure 7c),
texture features (Figure 8c), and wavelet coefficients (Figure 9c) were basically consistent
with that of LAI (the maximum r between CCD and vegetation indices is 0.70–0.87, the
maximum r between CCD and texture is 0.51–0.85, and the maximum r between CCD and
wavelet is 0.34–0.84). The value of the correlation coefficient is shown in the Supplementary
Materials (Tables S1–S3).
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Figure 6. Box plot of ground measured data varying with variety. (a–c) represent distribution of LCD,
LAI, and CCD along with the growth stage and 14 varieties respectively. The P1, P2, P3, P4, P5, P6,
P7, P8, P9, P10, P11, P12, P13, and P14 represent the 14 varieties, respectively.

3.3. Estimation Results of LCD, LAI, and CCD

In order to explore the optimal machine learning method for CCD mapping at the
whole growth stage, three machine learning methods were selected to develop a CCD
estimation model by integrating spatial features (texture and wavelet features) and spectral
features. R2 and R2

a of the three machine learning methods are shown in Figure 10.
Compared with the SVM and MLR methods, the RF method had the highest stability and
accuracy. For the RF method, R2 always increased with the increase in the number of
feature parameters, while R2

a first increased and then stabilized with the increase in the
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number of feature parameters. Thus, the adjusted determination coefficient (R2
a) was used

to evaluate the performance of each CCD estimation model and determine the number
of input features. In the estimation of CCD, the R2

a of the RF model can reach 0.96, and
the model performance was the most stable compared with SVM and MLR, which can
reach the best performances under the premise of minimum feature quantity. For the
estimation of LCD and LAI, the RF model also yielded the best performance, with R2

a equal
to 0.89 and 0.97, respectively. Therefore, the RF method was finally selected to estimate
LCD, LAI, and CCD. The RF method was used to estimate LCD, LAI, and CCD from
four different datasets. According to R2

a and correlation ranking, it was determined that
the best input characteristics of the model for I, II, III, and IV datasets were the top 16, 18,
16, and 24, respectively.
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Figure 7. The ranking of the correlation between VIS features and the target variables. (a) The ranking
of the correlation between VIS features and LCD. (b) The ranking of the correlation between VIS

features and LAI. (c) The ranking of the correlation between VIS features and CCD. Note: The abscissa
feature order of (a–c) is the descending order of the correlation between features and LCD at the V6
growth stage. The numerical value in the color bar represents the serial number of each feature. The
smaller the serial number, the greater the r. For example, the number 1 represents the largest value
of the r. H represents the high correlation; and L represents the low correlation. B1 represents the
reflectivity of the first band of the multispectral image, and other similar.
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See Table 2 for the abbreviation of the texture feature.
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ranking of the correlation between wavelet features and LCD. (b) The ranking of the correlation
between wavelet features and LAI. (c) The ranking of the correlation between wavelet features and
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Figure 10. The performance of three machine learning methods trained over dataset IV with the
number of input features changed. The number of features is the order sorted by the correlation
coefficient (r). (a,c,e) is the change in the coefficient of determination (R2) of the LCD, LAI, and
CCD estimation models with the number of input features. (b,d,f) is the change in the adjusted
coefficient of determination (R2

a) of the LCD, LAI, and CCD estimation models with the number of
input features.

LCD, LAI, and CCD were estimated from four datasets using the RF method. The
estimation results of LCD, LAI, and CCD are shown in Table 4. The RF method trained over
different datasets yielded a high and similar performance for LCD, with R2 ranged between
[0.86, 0.91] and RMSE ranged between [6.59, 10.04]. The LCD estimation model trained over
dataset IV achieved the optimal estimation with the highest R2 (0.91) and the lowest RMSE
(6.59 µg/cm2). It proved the advantages of multi-scale image feature fusion. Similarly,
the RF method trained over different datasets yielded a high and similar performance for
LAI estimation, with an R2 ranging between [0.96, 0.97] and an RMSE ranging between
[0.35, 0.43]. The LAI estimation model trained over dataset IV also achieved the best
estimation, with the highest R2 (0.97) and the lowest RMSE (0.35).
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Table 4. Four feature sets were used for RF method estimation of LCD, LAI, and CCD.

Index Feature Set R2 RMSE (µg/cm2) NRMSE (%)

LCD

I 0.90 6.70 14.32
II 0.90 7.20 15.88
III 0.86 10.04 22.15
IV 0.91 6.59 14.51

LAI

I 0.97 0.37 20.18
II 0.96 0.43 23.28
III 0.96 0.42 22.62
IV 0.97 0.35 18.76

CCD

I 0.96 26.22 28.26
II 0.95 33.24 35.84
III 0.95 40.42 43.58
IV 0.97 24.85 26.78

Note: R2 represents the determination coefficient of the training set, and (N)RMSE represents the (relative) root
mean square error of the validation set.

For the estimation of CCD, the RF model trained over four feature datasets yielded
good performance, with R2 ≥ 0.95 (Table 4). The model trained over dataset IV yielded
the best performance, with R2 = 0.97 and RMSE = 24.85 µg/cm2. The results indicated
that the optimal input feature set of the LCD, LAI, and CCD estimation models was IV,
and multi-scale image feature fusion improved the estimation accuracy. In addition, the
errors of CCD under different varieties were analyzed based on the RF and IV datasets,
as shown in Figure 11. The difference in varieties had little effect on the CCD estimation,
and the overall difference was small. The difference in P11, P12, and P13 was slightly
larger than the other varieties, mainly due to the significant underestimation caused by
the high-density plots of these three varieties in the late growth stage, leading to a large
overall error.
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3.4. CCD Calculated Based on the Estimation Results of LCD and LAI

The LCD and LAI were estimated separately using the RF model and dataset IV, and
the CCD calculated by multiplying the estimated LCD and LAI was expressed as CCDP.
The direct estimation results of CCD and the indirect estimation results of CCDP were
shown in Figure 12. The two CCD estimation methods both yielded good performances.
The R2 and RMSE of the direct estimation model of CCD were 0.96 and 24.85 µg/cm2,
while those of the estimation model of CCDP were 0.97 and 26.85 µg/cm2. The accuracy of
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CCD estimation combined with the RF model on dataset IV was slightly better than that of
CCDP. In addition, both methods had good estimation performance when the chlorophyll
content was low. When the chlorophyll content was high, the two methods were slightly
underestimated. The reason may be that the data range of the validation set is beyond the
range of the training set, and the model has not learned relevant information.
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Figure 12. The estimation results of CCD with two different estimation methods using dataset IV.
(a) The estimation results of CCDP. (b) The estimation results of CCD.

The map of the spatial distribution of CCD under different varieties and densities
was created using UAV multispectral images (Figure 13). The CCD value at the V6 stage
was low, not more than 75 µg/cm2. Since the V8 stage, the value of CCD has increased
significantly. The CCD value of high-density processing was much higher than that of
low-density processing. CCD mapping using the optimal model and the multi-scale image
feature dataset of the UAV can directly reflect the spatial distribution of CCD at different
growth stages and densities.
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4. Discussion

Generally, when estimating the CCD of maize, it is easy to be affected by canopy struc-
ture (such as LAI) or planting density, resulting in the LCD information being ignored [68].
Figure 5 implied that LCD decreased with the increase of density at the same growth stage
as LAI and CCD increased with the increase of density, and CCD showed the same trend
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as LAI. With the increase in density, the population of plants grows vigorously (reflected in
high LAI and high CCD) [69]. However, under the condition of high density, due to poor
ventilation and light transmission, the field is shaded, and the photosynthesis becomes
poor, resulting in poor growth of single maize (reflected in low LCD).

Figures 7–9 implied that the correlation between texture features and LCD was the
highest at the early growth stage (V6), which was superior to vegetation indices and
wavelet coefficients. The main reason may be that the small size of early maize plants and
more exposed soil interfere with the response of the canopy spectrum to the chlorophyll
characteristics of individual maize. Spectral heterogeneity was a main reason for the low
correlation between vegetation indices and LCD in the V6 stage. The texture features were
sensitive to the boundary between soil and green plants [70], and the corresponding texture
features and LCD displayed a high correlation at the early stage (V6). The vegetation
indices had the best correlation with LAI at the whole growth stage because the canopy
spectrum was always proportional to the maize population and was less affected by the
soil. At each growth stage, there are wavelet features highly related to the target variables.
DWT can effectively separate useful information from weak information, thus leading to
efficient utilization of available information [27]. This is one of the reasons why wavelet
features were introduced.

In this study, four different feature datasets and three machine learning methods were
used to estimate LAI, LCD, and CCD. The optimal LAI, LCD, and CCD estimation was
obtained by integrating the RF model and dataset IV. The main reason may be that the
dataset IV combines the spectral, frequency, and spatial information of the multispectral
image, making up for the defect of using only spectral or spatial features. Many studies
have shown that multi-feature fusion, which includes wavelet features, texture features,
and vegetation indices, can improve the estimated accuracy of target variables [22,27].
Therefore, on the one hand, Figure 14 presents the change of three indicators (Cor_B5,
MTCI, and B3_LL) with growth stage and density. The correlation between MTCI and LCD
was the best among all test indicators, which was consistent with previous studies [71,72].
MTCI was in direct proportion to the growth stage and density, especially at the late growth
stage (Figure 14a). Obviously, in the same growth stage, the relationship between MTCI
and density is opposite to that between LCD and density. Therefore, although many studies
use UAV multispectral features to monitor CCD [73], using vegetation index features alone
to estimate CCD may miss the change in LCD. As shown in Figure 14b, the B3_LL was
the wavelet coefficient with the best correlation with LAI and CCD. It decreased gradually
with the increase in density at the same growth stage, which was more obvious at the early
stages (V6 and V8). The relationship between B3_LL and growth stage was consistent with
the relationship between B3_LL and density, which was the same as LAI and CCD (both
positive or negative). As shown in Figure 14c, Cor_B5 was the texture feature that had the
best correlation with the LCD. Additionally, Cor_B5 was in direct proportion to the growth
stage, except that it was not obvious in the V8 and V11 stages. At the same growth stage,
Cor_B5 decreased with the increase in density, except for different R1 stages. The change of
Cor_B5 with growth stage and density was similar to that of LCD. Previous researchers
have rarely used texture features for chlorophyll research, but this paper’s analysis shows
that, compared with vegetation indices and wavelet features, texture features may have
more advantages in the representation of LCD information. It proved that the dataset IV can
realize the optimal estimate, and multi-scale feature fusion is an important way to improve
the accuracy of CCD estimation [19,32,74,75]. On the other hand, taking the dataset IV as
the input to the estimation of the CCD model, VIs features account for 54% of the effective
input features, texture features account for 29% of the effective input features, and wavelet
features account for 17% of the effective input features. The combination of these features
improved the contribution rate for a certain type of feature so as to improve the accuracy of
model estimation. The proportion of different feature types in effective features also proved
the necessity of fusing multiple image features. Compared with SVM and MLR models, the
RF model is good at dealing with high-dimensional data and complex nonlinear problems
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and has randomicity and strong generalization ability [76]. Although SVM can deal with
nonlinear problems, it is more sensitive to the number of input features and takes more
time as compared with the RF model (Figure 10). MLR is a multiple linear regression
model, which relies on the linear relationship between multiple independent variables and
dependent variables for modeling [77]. Thus, the MLR makes it difficult to solve complex
nonlinear problems. Figure 10 presents the unique advantages of the RF model under
different feature numbers, with strong stability and high accuracy. The time taken for
the RF model to reach the optimal estimate on different datasets differs by less than one
second, and the time taken on the dataset IV with the largest number of input features
was 2.04 s (Figure S1 in the Supplementary Materials). The RF model can still maintain
high operational efficiency with a large number of inputs. The RF method is the optimal
consideration when the trade-offs of model complexity, stability, accuracy, and efficiency
issues are combined [78,79]. The number of input features in the model was determined
according to the best R2

a. In this study, when the number of input features increases to
a certain value, the increase in the number of features will not improve the accuracy but
will lead to a decrease in accuracy. Therefore, determining the optimal number of input
features for the model reduces information redundancy, thus improving the operational
efficiency and estimation accuracy of the model.
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In this study, two strategies were used to estimate CCD. The results demonstrated that
the estimation results of CCDP and CCD were similar, but the direct CCD estimation model
yielded slightly higher performance than that of CCDP. The main reason may be that there
is a double error transmission in estimating CCDP using the estimation results of LCD and
LAI [80], resulting in a slightly lower estimation accuracy of CCDP as compared with the
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CCD estimation model. It was noted that both models showed a general underestimation
at higher CCD values, mainly due to the fact that these plots were high density plots
(6K) at the R1 stage, when the leaves are no longer growing substantially and the canopy
structure also reaches its peak, and the relatively dense upper leaves block the lower ones,
resulting in the inability to highlight the spectral characteristics of the whole canopy and
the reflectance shows saturation, which eventually affected the CCD estimation [81]. In
the future, the estimation accuracy of CCDP may be improved by seeking more effective
feature extraction and fusion methods. This research is based on the analysis of the data for
the whole growth stage of maize and integrates multi-scale features and machine learning
methods to estimate LCD, LAI, and CCD. Although better estimation accuracy can be
obtained, it only performs simple fusion for limited image features. Multi-level fusion of
multi-scale image features can be considered to improve the contribution of the LCD in
CCD estimation. The CCD estimation method proposed in this study was applicable to the
estimation of LCD, LAI, and CCD under different densities, different varieties, different
growth stages, and clear weather conditions. The effects of different regions and differences
in weather conditions were not considered, and the scalability of the model in different
regions and its adaptability to different weather conditions can be explored by considering
a larger area of plots as the basis of the study in the future. In addition, the CCD estimation
model built based on the data of the whole growth stage may vary in specific time scenario
applications. In the future, the data collected at different regions and different years will be
used to develop a universal model suitable for different growth stages to improve the time
scalability of the model.

5. Conclusions

In this study, the LCD, LAI, and CCD models were developed using three machine
learning methods with four different feature datasets. The performances of two CCD
estimation strategies were compared. The main conclusions are as follows: (1) compared
with MLR and SVM, the RF-based estimation model yielded more stable and accurate per-
formance; (2) the RF model trained over dataset IV yielded the best performances for LCD,
LAI, and CCD estimation; the R2 of LCD, LAI, and CCD were 0.91, 0.97, and 0.97, respec-
tively, and the RMSE were 6.59 µg/cm2, 0.35, and 24.85 µg/cm2, respectively; and (3) the
direct CCD estimation model yielded slightly better performance than the CCDP estimation
model. The results show that the CCD can be estimated accurately and intuitively using
the RF model combined with multi-scale image features. The combination of multi-scale
image features and machine learning provides technical support for estimating CCD in the
future, contributing to more sophisticated field management in precision agriculture.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/agriculture13040895/s1, Figure S1: The time used by the three
methods trained on the validation set after four feature datasets. (a–c) represent the running time
of RF, SVM, and MLR. RF_I, RF_II, RF_III, and RF_IV is the time used for the RF method trained
using dataset I, dataset II, dataset III, and dataset IV, respectively. Similarly, MLR_I, MLR_II, MLR_III,
MLR_IV, SVM_I, SVM_II, SVM_III, and SVM_IV, respectively are the same as RF_I, RF_II, RF_III,
RF_IV; Table S1: Correlation coefficient between multi-scale feature and LCD; Table S2: Correlation
coefficient between multi-scale feature and LAI; Table S3: Correlation coefficient between multi-scale
feature and CCD.
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