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Abstract: This study aimed to streamline the determination of chlorophyll content in Cunninghamia
lanceolate while achieving precise measurements of canopy chlorophyll content. Relative chlorophyll
content (SPAD) in the Cunninghamia lanceolate canopy were assessed in the study area using the SPAD-
502 portable chlorophyll meter, alongside spectral data collected via onboard multispectral imaging.
And based on the unmanned aerial vehicle (UAV) multispectral collection of spectral values in the
study area, 21 vegetation indices with significant correlation with Cunninghamia lanceolata canopy
SPAD (CCS) were constructed as independent variables of the model’s various regression techniques,
including partial least squares regression (PLSR), random forests (RF), and backpropagation neural
networks (BPNN), which were employed to develop a SPAD inversion model. The BPNN-based
model emerged as the best choice, exhibiting test dataset coefficients of determination (R2) at 0.812,
root mean square error (RSME) at 2.607, and relative percent difference (RPD) at 1.942. While the
model demonstrated consistent accuracy across different slope locations, generalization was lower
for varying slope directions. By creating separate models for different slope directions, R2 went up to
about 0.8, showcasing favorable terrain applicability. Therefore, constructing inverse models with
different slope directions samples separately can estimate CCS more accurately.

Keywords: multispectral remote sensing; SPAD; Cunninghamia lanceolate; vegetation indices

1. Introduction

Chlorophyll serves as the primary pigment essential for photosynthesis within the
forest canopy, enabling light absorption to fuel the Calvin cycle [1]. It stands as a key
biochemical parameter within this ecosystem. The precise and prompt assessment of
chlorophyll content not only aids in evaluating the photosynthetic capacity and physiologi-
cal well-being of forest trees but also provides insights into their overall health status [2].
This information carries significant implications for estimating terrestrial carbon flux cycles
and biomass levels.

Traditional methods for determining chlorophyll content in forest canopies, such as
spectrophotometry and fluorescence analysis, are known for their superior accuracy [3,4].
However, these methods entail intricate and cumbersome operations, making sampling
challenging and time-consuming while also consuming substantial energy. Moreover, the
transportation of leaf blade chlorophyll samples can result in certain losses. In recent
years, the handheld chlorophyll meter has gained popularity as a nondestructive and
portable tool for assessing relative chlorophyll content (SPAD), which has been widely
adopted in chlorophyll content analysis [5,6]. SPAD serves to quantify the greenness of
plant leaves, with prior research demonstrating a significant positive correlation between
SPAD and chlorophyll content, allowing for highly accurate conversions [1,7]. Despite
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its advantages, the handheld chlorophyll meter is limited to contact measurements on
individual samples, necessitating extensive sampling and limiting the scope of chlorophyll
estimation. With ongoing advancements in remote sensing platforms, sensors, and data-
processing methodologies, the field of remote sensing has alleviated the shortcomings of
traditional survey methods, providing an effective alternative for rapidly and accurately
collecting forest parameter data [8–11].

Among many remote sensing techniques, satellite remote sensing has been favored
by many scholars in the estimation of chlorophyll content due to its ability to collect
information over a wide range and multiple time phases [11–14]. However, as satellites
fly along fixed orbits, their information collection for an area is cyclical, which makes it
difficult for satellite remote sensing to meet the real-time probing of chlorophyll content
of forest trees [15]. On the other hand, the lower spatial resolution makes it difficult for
satellite remote sensing to focus on the monitoring of the canopy chlorophyll of a single
tree, and makes it difficult for the spectral reflectance obtained from its collection to match
with the canopy chlorophyll content obtained from ground surveys; thus, it also makes
it difficult to match the spectral reflectance collected by satellite remote sensing with the
canopy chlorophyll content obtained from ground surveys, thus reducing the accuracy of
canopy chlorophyll content determination [16]. Compared with satellite remote sensing,
unmanned aerial vehicle (UAV) remote sensing technology can not only meet the needs of
large-scale chlorophyll content monitoring, but can also obtain higher-resolution remote
sensing images according to the needs of users [17].

UAV remote sensing technology leverages hyperspectral or multispectral sensors to
capture spectral images of the target area, enabling the estimation of chlorophyll content.
Specifically, UAV hyperspectral technology has demonstrated exceptional accuracy in
chlorophyll content estimation within plant canopies, owing to its broad response range
and high resolution [18–21]. However, challenges such as high costs, data redundancy,
processing complexity, and restrictive operational conditions have hindered its widespread
adoption in practical forestry applications. In the past, multispectral cameras have been
widely used for quantitative inversion of plant physiological parameters due to their low
cost and practicality. Nevertheless, the spectral resolution of multispectral images is in
the range of λ/10 order of magnitude, which is much higher than that of hyperspectral,
in the range of λ/100 order of magnitude. As a result, it is more difficult for multispectral
imagery to accurately capture changes in forest SPAD than hyperspectral imagery. Previous
studies have attempted to enhance the prediction of plant canopy SPAD by modifying
the features integrated into modeling [22–24] and by exploring and contrasting diverse
model construction techniques [25–27]. However, factors like geographical region, light-
ing conditions, image capture elevation, and terrain can impact model construction and
predictive performance [28,29]. Among them, terrain includes factors such as elevation,
slope directions, and the slope of the forest planting site [30], and the influence of terrain
on the construction of large-area models is difficult to control, and the poor applicability of
the models to different topographies still exists in the field of remote sensing inversion of
forest canopy SPAD, which is worth exploring further.

Cunninghamia lanceolata (Lamb.) Hook has a planted area of 9.90 × 106 hm2 in China,
with a volume of 7.55 × 108 m3, ranking first in the total area and volume of planted
tree forests in the country [31], and the management of Cunninghamia lanceolata planta-
tion forests is of great significance for timber production and maintenance of ecological
functions [32]. The management and management of Cunninghamia lanceolata plantation
forests are important in terms of timber production and maintenance of ecological functions.
Among them, the judgment and monitoring of the health status of Cunninghamia lanceolata
plantation forests is an important means to improve the quality and ecological benefits of
Cunninghamia lanceolata plantation forests [33]. As one of the important indexes to measure
the growth and health status of Cunninghamia lanceolata, the accuracy and timeliness of the
observed values of the chlorophyll content are of great significance to the management



Forests 2024, 15, 965 3 of 20

of Cunninghamia lanceolata and even to the country to guarantee the quality of timber and
ecological safety.

In this study, the focus is on Cunninghamia lanceolata plantation forests, where a Cun-
ninghamia lanceolata canopy SPAD (CCS) inversion model is established utilizing UAV
multispectral imagery. The model aims to identify and select appropriate vegetation
indices as independent variables, compare prediction performance across different mod-
eling methods, and evaluate model applicability from a terrain perspective. The primary
objective is to realize the accurate measurement of CCS in a wide range, and provide
theoretical basis and technical support for the growth monitoring and health evaluation of
Cunninghamia lanceolata.

2. Materials and Methods
2.1. Study Areas

The study area is situated within the state-owned forest region of Shunchang County,
Nanping City, Fujian Province, China, and spanning longitudes 117◦9′ to 118◦4′ and
latitudes 26◦8′ to 27◦21′. Encompassing a length of 74 km east to west and a width of 61 km
north to south, the area experiences a humid monsoon climate characteristic of the central
subtropical zone. Abundant rainfall and sunshine define the climatic conditions, with an
average annual temperature of 19.2 ◦C and a frost-free period lasting 289 days. The average
annual precipitation measures 2144 mm. The forested land boasts a deep and ample
soil layer predominantly composed of red loam soil, with minimal barren soil patches.
Forested areas dominate and exhibit high coverage rates, indicative of preferable forest
quality. Spanning a total land area of 23,799.20 hm2, the region features 161.95 m3/hm2 of
Cunninghamia lanceolata storage. Coniferous forests prevail as the predominant tree type,
occupying 10,852.70 hectares with a storage capacity of 1,295,718 m3. These coniferous
forests account for 46.39% of the total woodland area and 43.76% of the total forest area
storage capacity in the region [34].

The study area is a Cunninghamia lanceolata plantation near-mature pure forest with
a degree of depression of 0.7, a slope gradient of 30◦, and slope lengths all greater than
60 m. The soil is a Class I fertile red loam, and the forest management type is general
Cunninghamia lanceolata medium-diameter timber. In this study, based on the dichotomy of
slope directions, the slope directions were divided into sunny and shady slope directions
by using small-group contour maps combined with the use of a compass in the field [35]
(Figure 1), and, at the same time, the slopes were equally divided into upper and lower
parts. In addition, since most Cunninghamia lanceolata plantation forests in southern China
are planted in hilly terrain, and elevation differences between hills are small, the elevation
factor in terrain factors was not included in the discussion in this study.

2.2. Data Collection
2.2.1. Measurement of CCS

In March 2023, 270 Cunninghamia lanceolata samples were randomly selected from
sample plots with different slope directions and slope locations in the Cunninghamia
lan-ceolata plantation near-mature forest stand in Shunchang County, Nanping City, Fujian
Province, China, and the distribution of the samples is shown in Figure 2. The sample
canopy was divided into upper, middle, and lower layers, and within each layer, a number
of unobstructed branches were cut from each layer using a tall branch shear with a pole
length of 10 m. From the cut branches, 10–20 leaves were randomly selected, and the SPAD
values of the selected leaves were measured immediately using a handheld chlorophyll
meter (SPAD-502, Konica Minolta, Tokyo, Japan), and the average value of each leaf was
calculated by taking 3 measurements at different parts of each leaf, and finally, 5 leaves
were counted. The measured CCS for the upper location of sunny slope (USunny), the
lower location of sunny slope (LSunny), the upper location of shady slope (UShady), and
the lower location of shady slope (LShady) is shown in Figure 3.
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2.2.2. Collection and Processing of UAV Imagery

A quadcopter mini UAV, DJI Phantom 4 equipped with a multispectral sensor, was
used to collect remote sensing images of the Cunninghamia lanceolata artificial forest area.
The camera can capture spectral images in five different spectral channels simultaneously.
The five 2.08-megapixel monochrome sensors cover the following spectral bands: blue
(450 nm ± 16 nm), green (560 nm ± 16 nm), red (650 nm ± 16 nm), red-edge
(730 nm ± 16 nm), and near-infrared (840 nm ± 26 nm).

In order to reduce the influence of shadows and solar light intensity on the inversion
results, the cloudy and maximum solar altitude angle time period was selected for aerial
photography operations. Based on previous studies combined with elevation and average
stand height in the study area [29,36], the DJI Wizard P4 multispectral version was set to
have a route altitude of 80 m, an overlap rate of 85% in the heading direction, an overlap
rate of 80% in the side direction, and a gimbal pitch angle of 90◦, and a route design of
90◦ was carried out based on the target area of the small-class. route design for semi-
automatic aerial photography by UAV. After the remote sensing images were collected, DJI
and ENVI 5.3 software were used to correct the radiation and remove the noise from the
multispectral images.

2.3. Data Processing
2.3.1. Selection of Vegetation Indices

The spectral characteristics of green plant leaves and vegetation canopy, as well as their
differences and changes, can reflect the vegetation information on remote sensing images.
However, the spectral reflectance of forest vegetation is susceptible to the influence of
various factors such as the ground, the atmosphere, the canopy structure, etc. [37,38], while
the vegetation index can weaken the influence of external factors, enhance the sensitivity to
changes in vegetation, and can quickly, simply, and efficiently measure the health of the
vegetation growth and the coverage of the vegetation. Drawing on previous research and
the spectral features of chlorophyll, this study employed ENVI 5.3 software to calculate
21 vegetation indices from the five monochrome spectral images collected by the UAV. The
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formulas for these 21 vegetation indices are presented in Table 1. The relationship between
each vegetation index and measured CCS was analyzed using SPSS 25, and the vegetation
indices with significant correlations with CCS were screened as independent variables to
participate in the CCS inversion modeling.

Table 1. Vegetation indices used in this study. B, G, R, RE, and NIR are the reflectance of the blue
band, green band red band, red-edge band, and NIR band, respectively.

Vegetation Index Acronym Equation References

Simple Ratio SR NIR/G [38]
Green Chlorophyll Index GCI NIR/G − 1 [39]
Leaf Chlorophyll Index LCI (RE − R)/(RE + G) [40]
Ratio Vegetation Index RVI NIR/G [41]

Triangular Vegetation Index TVI 0.5[120(NIR − G)− 200(R − G)] [42]
Red Edge Chlorophyll Index CIre NIR/RE − 1 [43]
Red-Edge Greenness Index GIRE G/RE [44]

Infrared Percent Vegetation Index IPVI NIR/(NIR + R) [45]
Normalized Difference Chlorophyll Index NDCI (RE − R)/(RE + R) [46]

Red-Edge Normalized Difference Vegetation Index NDRE (NIR − RE)/(NIR + RE) [47]
Normalized Difference Vegetation Index NDVI (NIR − R)/(NIR + R) [48]

Renormalized Difference Vegetation Index RDVI (NIR − R)/
√
(NIR + R) [48]

Red-Edge Difference Vegetation Index DVIRE NIR − RE [49]
Green Normalized Difference Vegetation Index GNDVI (NIR − G)/(NIR + G) [50]

Modified Chlorophyll Uptake Ratio Index MCARI [RE − R − 0.2(RE − G)]× RE/R [51]
Optimized Soil-Adjusted Vegetation Index OSAVI 1.16(NIR − R)/(NIR + R + 0.16) [37]

Red-Edge Ratio Vegetation Index RVIRE RE/NIR [52]
Transformed Chlorophyll Absorption Reflectance Index TCARI 3[NIR − R − 0.2(NIR − G)(NIR/R) [53]

Red-Edge Triangular Vegetation Index TVIRE 0.5[120(NIR − G)− 200(RE − G)] [44]
Red-Edge Infrared Percent Vegetation Index IPVIRE NIR/(NIR + RE) [44]

Red-Edge Optimized Soil-Adjusted Vegetation Index REOSAVI 1.16(NIR − RE)/(NIR + RE + 0.16) [54]

In order to reduce the influence of background values on the vegetation index of the
samples, this study constructed circular buffers with a radius of 0.5 m for each sample
centered on the tree apex based on the canopy size measured in the field. The mean of the
pixel values of each buffer was then extracted as the vegetation index value of each sample
using ArcGIS 10.8.

2.3.2. Model Establishment

In this study, using the Python 3.7 software platform, three modeling methods were
selected: partial least squares regression (PLSR), random forest regression (RF), and back-
propagation neural networks (BPNN). Three vegetation indices with the highest correlation
to the CCS were chosen as independent variables, while the measured SPAD served as the
dependent variable for constructing the inversion model.

Previous studies have shown that the estimation models constructed by combina-
tions of different vegetation indices have higher estimation accuracy and performance
than single-band, single-variable estimation models [23]. However, the multicollinearity
among the vegetation indices weakened their explanatory power for the estimation indexes.
Therefore, in this study, PLSR was selected to build a linear estimation model of CCS,
aiming at weakening the high correlation among the independent variables [55]. RF, on
the other hand, as one of the most representative of the integration algorithms, is able to
provide an assessment of the importance of each feature, which helps to understand which
features contribute the most to the model. This ability of feature selection makes random
forests more convenient in dealing with features of different scales, which demonstrates
its powerful performance in a variety of realistic tasks [56,57]. BPNN, as one of the most
widely used neural networks, has a powerful nonlinear mapping ability, which allows it to
approximate any complex nonlinear function through a multilayer network structure. This
makes BP neural networks have higher accuracy and stronger generalization ability when
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dealing with data with complex nonlinear relationships [58]. However, in the construction
of the BPNN model, too many input nodes not only increase the training time cost of the
model, but also may cause the neural network to be too sensitive to the noise and redundant
information in the input vectors, which reduces the generalization ability and prediction
accuracy of the model. In order to avoid the above problems, principal component analysis
(PCA) was used in this study for dimensionality reduction of the input data.

2.3.3. Accuracy Evaluation

After removing some outliers, the remaining 255 samples are divided into a training
dataset with a sample size of 200 as well as a test dataset of 55 in the ratio of 8:2, while 25%
of the samples from the training dataset are randomly selected for the test of model training
performance. The performance and accuracy of the model were comprehensively compared
using the model’s coefficient of determination (R2), root mean square error (RMSE), and
relative percent difference (RPD). A higher R2 closer to 1 during inversion modeling and test
indicates higher estimation accuracy of the model. Similarly, a lower RMSE suggests better
predictive performance, indicating smaller differences between predicted and observed
values. For the evaluation criteria of RPD: when RPD < 1.4, the model is considered unable
to predict the samples effectively; when 1.4 < RPD < 2, the model demonstrates good
predictive capability for the samples; and when RPD > 2, the model exhibits strong sample
prediction ability. The formulas for evaluating model accuracy are as follows:

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 (1)

RMSE =

√
1
n∑n

i=1(yi − ŷi)
2 (2)

SD =

√
1

n − 1∑n
i=1(ŷi − yi)

2 (3)

RPD =
SD

RMSE
(4)

where the n is the number of samples, i is the sample ordinal number, yi is the measured
value of CCS, ŷi is the predicted value of CCS, yi is the mean of the measured value of CCS,
and SD is the standard deviation of the model prediction.

3. Results
3.1. Correlation Analysis

The Pearson correlation analysis was conducted on the single-band spectral reflectance
collected by the UAV and the CCS, with the results presented in Table 2. As shown in the
table, except for the G band, all other single bands exhibit a significant correlation with
the CCS (p < 0.01). Specifically, the R and B bands show a negative correlation with the
CCS, while the NIR and RE bands display a positive correlation. Among these, the RE
band demonstrates the highest correlation with the CCS, with a correlation coefficient of
0.682, followed by the NIR band with a correlation coefficient of 0.638. Within the visible
light spectrum, the R band exhibits the highest correlation with the CCS, with a correlation
coefficient of −0.446.

A Pearson correlation analysis was performed on the selected 21 vegetation indices
and the CCS (Figure 4). The results indicate that except for GIRE, RVIRE, and TVIRE,
the remaining 19 vegetation indices are positively correlated with CCS, with significant
correlations observed between CCS and the selected vegetation indices. Among them, LCI
exhibits the highest correlation with CCS, with a correlation coefficient of 0.869, followed
by RVIRE, IPVIRE, and CIre, with correlation coefficients of −0.865, 0.864, and 0.862,
respectively. In contrast, GIRE shows the lowest correlation with CCS, with a correlation
coefficient of −0.383.
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Table 2. Correlation analysis between single-band spectral values and CCS. ** indicates that they are
highly significantly correlated at the 0.01 level.

Band SPAD

R −0.446 **
G −0.097
B −0.216 **

NIR 0.638 **
RE 0.682 **
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3.2. Principal Component Analysis

From the correlation analysis between vegetation indices and CCS, it can be seen
that there is a significant correlation between the vegetation indices constructed in this
study and the measured CCS, and at the same time, there is a strong correlation between
these vegetation indices; therefore, this study utilized the SPSS 25 software to carry out the
principal component analysis on the 21 vegetation indices constructed, and to reduce the
dimensionality of the data in order to eliminate the multicollinearity between the factors,
while retaining the information of the original data. The principal components extracted
after principal component analysis, and the scores of each factor are shown in Table 3.

The principal component analysis extracted four main components in each vegetation
index, and the cumulative contribution rate of the four components reached 94%, which
contained the vast majority of the information of the original parameters, and could replace
the original parameters to build the prediction model.
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Table 3. Classification of principal components of vegetation index and scores of each factor.

Vegetation Index
Principal Component

1 2 3 4

SR 0.244 0.141 −0.173 0.144
GCI 0.227 0.242 −0.043 0.038
LCI 0.252 −0.106 0.153 −0.114
RVI 0.227 0.242 −0.043 0.038
TVI 0.188 −0.204 0.366 0.211

CIRE 0.241 −0.166 0.205 −0.030
GIRE −0.133 −0.111 0.339 0.469
IPVI 0.244 0.141 −0.173 0.144

NDCI 0.202 0.235 −0.292 0.172
NDRE 0.241 −0.148 0.214 −0.085
NDVI 0.242 0.090 −0.083 −0.250
RDVI 0.183 −0.305 −0.259 −0.100
SIPI 0.120 −0.247 −0.146 0.515

DVIRE 0.191 0.322 0.169 0.186
GNDVI 0.241 0.044 0.142 −0.265
MCARI 0.209 −0.166 −0.167 −0.255
OSAVI 0.166 0.405 0.027 0.085
RVIRE −0.244 0.160 −0.195 0.039
TCARI 0.185 −0.299 −0.261 −0.098
TVIRE −0.137 0.247 0.360 −0.376
IPVIRE 0.243 −0.163 0.198 −0.035

REOSAVI 0.246 0.106 0.206 0.108

Characteristic value 13.866 3.448 2.093 1.277
Accumulative contribution (%) 63.025 78.697 88.209 94.013

3.3. Modeling Results

In this paper, PLSR was selected to build a CCS inversion model with 21 vegetation
indices as independent variables and measured CCS as dependent variable, and four
principal components were selected based on the cumulative contribution of the indepen-
dent variables, and the results showed (Figure 5a) that the RPDs of the model’s training
and test dataset were 2.306 and 2.185, respectively, which were greater than 2, and that
the model possessed a better predictive ability of the samples; the RMSEs for both were
2.230 and 2.922, the R2s were 0.807 and 0.770, and the slopes of the fitted regression lines
were 0.772 and 0.868, respectively. Compared with the training dataset, the slope of the
regression line in the test dataset is closer to 1:1, but the overall prediction value of the test
dataset is low and more discrete. Overall, the PLSR model has good predictive ability and
can be used for CCS prediction.

In the inversion model built based on the RF algorithm, the parameters were selected
using the grid search method, and the number of decision trees was finally selected to
be 170, the maximum depth of the decision tree was 5, the minimum number of samples
required to split the internal nodes was 5, the minimum number of samples required on the
leaf nodes was 1, and the maximum number of features considered in the node splitting
was 23. The training results show (Figure 5b) that the model’s RPD for the training dataset
and test dataset are 2.104 and 1.935, respectively, both higher than 1.4, and the model is
able to predict the samples efficiently; the RMSEs for both are 2.471 and 2.937, respectively,
and the R2s are 0.763 and 0.771, respectively, and the ratio of predicted and actual values of
the model’s test dataset is much closer to 1:1 in the interval of CCS < 50, and the ratio of
predicted and actual values of the model’s test dataset is much closer to 1:1 in the interval
of SPAD > 50; the predicted CCS of the model is slightly lower than the measured CCS.
Overall, the predictive ability of the CCS inversion model built based on the RF algorithm
is good and can be used for CCS prediction.
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The BPNN model is mainly composed of input, hidden and output layers, and its
hyperparameters mainly include the number of hidden layers and neurons, the learning
rate, the number of training times, and the activation function. Among them, the number
of layers of the neural network and the number of neurons in the hidden layer can affect
the performance of the model to a large extent. Theoretically, the deeper the number of
hidden layers, the stronger the model’s ability to fit the function, but deeper layers may
also bring problems such as overfitting; therefore, according to the trial-and-error method,
this study chose to construct a neural network model containing four hidden layers.

When the number of nodes in the neural network is too large, not all neurons in the
hidden layer can be adequately trained due to the limited amount of information in the
training dataset, thus leading to overfitting. Even if the amount of information in the
training data is sufficient, too many neurons in the hidden layer will increase the training
time, thus making it difficult to achieve the expected results. Therefore, choosing the
appropriate number of hidden layer neurons is equally important. The learning rate, as
another important hyperparameter in the neural network model, controls how the gradient
moves in each iteration to reach the optimal solution of the loss function, and its size
determines the speed of the neural network’s learning speed, and the appropriate learning
rate can make the cost function converge to the minimum value at a suitable speed. The
number of training times also has an important impact on the model performance, as too
many training times will lead to overfitting of the model, while too few will easily lead to
underfitting. Therefore, based on the previous research, this study adopts the “trial and
error method”, and finally sets the number of hidden layer neurons to 10, the learning rate
to 0.001, and the number of training times to 200,000.

In addition, the activation function is the core parameter for neural networks to learn,
understand and learn complex nonlinear functions; in this study, the construction of each
hidden layer of the neural network used the hyperbolic tangent function (Tanh), which
outputs between −1 and 1, and it solves the problem that the Sigmoid function does not
output centred on 0.

In addition to this, regularization is used in this study to limit the range of values of the
model parameters as a way to prevent overfitting of the BPNN model. The regularization
method is divided into L1 regularization and L2 regularization, in which L1 regularization
makes the model more inclined to select sparse features by adding a penalty term of L1
paradigm to the loss function of the model, which reduces unnecessary feature weights
and improves the generalization ability, and L2 regularization quadratically constrains the
parameters by summing up the squares of the individual elements in the weight vector and
then solving for the square root to make the optimization solution stable fast, and makes
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the weights smoother. Compared with L1 regularization, L2 regularization is more robust
to outliers. In the construction of the BPNN-based chest diameter inversion model, L2
regularization is adopted for the constraints of the loss function, and its parameter is set
to 0.0001.

Meanwhile, based on the results of principal component analysis of vegetation in-
dices, this study constructed a CCS inversion model of the BPNN algorithm with the
four component factors obtained from the weighted calculation of 21 vegetation indices
as the independent variables, and the training results showed (Figure 5c) that the RPDs
of the model’s training and test dataset were 2.157 and 1.942, respectively, which were
higher than 1.4, and that the model was able to predict the samples effectively; the
two RMSEs are 2.138 and 2.607, and the R2s are 0.816 and 0.812, respectively, and the
fitted regression lines of the training and test dataset are closer to the 1:1 regression line,
with no systematic overestimation or underestimation, and in general, the prediction ability
of the CCS inversion model based on the BPNN is better, and it is able to be used for the
prediction of CCS.

In conclusion, the selected inversion algorithms in this study demonstrate good pre-
dictive abilities. However, based on a comprehensive assessment using R2 and RMSE, the
BPNN model had the best predictive performance, highest accuracy, and least dispersion
on the test dataset, making it the best choice for CCS inversion.

3.4. Effects of Terrain on CCS Estimates

Based on the selected optimal CCS inversion model, the CCS of USunny, LSunny,
UShady and LShady were inverted and the results are shown in Figure 6. It is obvious that
the pre-predicted CCSs of UShady and LShady are close to the 1:1 regression line, with
R2s of 0.791 and 0.803, respectively, and RPDs of 1.636 and 1.779, respectively, which are
higher than 1.4, indicating that the models have good predictive ability for these sites. On
the other hand, the predicted TCCs for USunny and LSunny were slightly lower than the
actual TCCs, with R2s of 0.662 and 0.659 and RPDs of 1.638 and 1.076, respectively, where
the RPD for LSunny was below 1.4, indicating the effective prediction ability of the model
for these locations.

When comparing the predicted CCS results for the four different terrains, it is evident
that the model’s prediction accuracy is relatively similar for the upper and lower locations
within the same slope location, with no significant differences in prediction capabilities.
However, the selected best CCS model has significantly higher prediction accuracy and
capability for samples on the shady slope compared to the sunny slope within the same
slope direction. This indicates that slope direction can influence the accuracy of model
predictions. Therefore, the best CCS model used in this study may not be applicable for
predicting CCS of different slope directions.

Using the above conclusions, the training dataset was divided into two subsets: the
sunny slope dataset and the shady slope dataset. The BPNN algorithm was then utilized
to construct two separate CCS models: the sunny CCS model and the shady CCS model.
Figure 7 illustrates the model prediction results and their performance on different slope
locations. Both the sunny CCS model and shady CCS model achieved R2s of around
0.8, with RPDs of 2.381 and 2.015, respectively, both exceeding 2, indicating that both
models have good sample predictive capabilities. The CCS of USunny and LSunny was
predicted using the sunny CCS model, and the prediction results had an R2 above 0.8 in
both cases. Similarly, applying the shady CCS model to predict the CCS on the UShady and
LShady resulted in an R2 around 0.8 as well. This demonstrates that both models are highly
adaptable to different slope direction and can be used to predict CCS in various terrains.
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The training dataset was divided into USunny dataset, LSunny dataset, UShady
dataset, and LShady dataset. Based on the BPNN algorithm, separate models were built for
USunny CCS model, LSunny CCS model, UShady CCS model, and LShady CCS model.
Table 4 shows the accuracy assessment of modeling and testing for the four models. With
the exception of UShuuy, all models achieved an accuracy of above 0.8, with RPD > 2,
indicating that they all possess good predictive capabilities and accurate CCS forecasting.
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Table 4. Construction results of CCS inversion models for four different terrains based on BPNN algorithm.

Model Type
Training Dataset Test Dataset

RMSE RPD R2 RMSE RPD R2

USunny CCS model 1.904 2.250 0.845 2.047 2.059 0.793
LSunny CCS model 1.377 2.514 0.821 2.056 2.451 0.818
UShady CCS model 2.174 2.464 0.853 2.029 2.585 0.835
LShady CCS model 1.575 2.465 0.816 2.719 2.049 0.804

The study predicted the CCS in the study area using three categories of CCS inversion
models, where the first category is the best CCS inversion model, while the second category
includes the sunny CCS model and the shady CCS model. The third category comprises
the USunny CCS model, LSunny CCS model, UShady CCS model, and LShady CCS model.
Figure 8a shows the spatial distribution of predicted CCS for the three categories of CCS
inversion models. The predictions of the first type of model differed significantly from
the other two, with higher predictions in the sunny slope directions and lower predictions
in the shady slope directions, whereas the second category model’s CCS distribution is
more similar to that of the third category model. Figure 8b illustrates the pixel distribution
among CCS for the three categories of CCS inversion models. The proportion of pixels with
CCS between 50–60 is the highest in all three predicted maps, whereas the proportion of
pixels with CCS greater than 80 is the lowest. The predicted CCS for the shady slope is
noticeably higher than that for the sunny slope across different terrains. However, there is
no significant difference in the predicted CCS between the upper and lower slope locations.
The distribution of CCS predictions in the 40–60 interval is similar between the first and third
category models, but there is a notable overestimation in intervals higher than 60, indicating
some error in CCS prediction by the first category model. However, the spatial distribution
of CCS predicted by the third category and the second category models is similar, which
confirms the applicability of the second category models across various terrains.
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4. Discussion

An analysis of the correlation between the selected 21 vegetation indices and CCS
revealed that LCI, IPVIRE, and RVIRE displayed the highest correlation and explanatory
power concerning CCS. This finding contrasts with the conclusion of Yuan et al. regarding
the higher expressive capability of MCARI for predicting SPAD based on multispectral
images of Hopea hainanensis [59]. It is known from previous studies on the correlation be-
tween SPAD and vegetation indices that the interpretation of SPAD varies among different
plant species [60–63]. The spectral characteristics of plants are influenced by their unique
structures, morphologies, and physiological features, and the biochemical composition and
structure differ among different plant species, leading to varying absorption and reflec-
tion capacities of leaves in each spectral band. This divergence results in different plant
populations’ spectral characteristics having varying capabilities in interpreting SPAD.

Moreover, the involvement of the red-edge band in constructing these three vegetation
indices demonstrates the red-edge band’s heightened sensitivity to changes in SPAD. In
this study’s correlation analysis between the five spectral images collected by drones and
CCS, a highly significant correlation at the 0.01 level was observed between the red-edge
band and CCS. This conclusion, similar to the findings of Lu et al. in predicting SPAD of
Cinnamomum camphora dwarf forest using drone multispectral images [64], further confirms
the interpretive capability of the red-edge band for SPAD.

In addition to the choice of vegetation indices, the choice of modeling methods is
another important factor affecting the estimation of CCS. Previous studies have shown that
machine learning algorithms have stronger generalization capabilities and better predictive
performance in constructing SPAD models compared to traditional linear models due to
their robust noise resistance [65–67].

In this study, based on a comprehensive analysis of R2, RPD, and RMSE, the perfor-
mance of a traditional linear model (PLSR) was compared with three machine learning
models (SVR, RMSE, and BPNN). The results showed that the BPNN model, which uses
backpropagation to iteratively adjust model weights, had the best predictive ability in CCS
estimation. This conclusion is consistent with previous research indicating that the BPNN
model performs better in constructing SPAD inversion models [60,68]. Compared with
other machine learning algorithms, BPNN takes the backpropagation algorithm as the core,
and adjusts the BPNN model weights and biases by continuously repeating the forward
and backward propagation process of data and errors, so as to fit the complex mapping
relationship between the input and output data from a large number of training data, and
iteratively obtains higher network performance.

However, compared to the significant advantage of the BPNN model in SPAD inver-
sion, PLSR is significantly better at predicting CCS than RF. This suggests that the linearity
or nonlinearity of the model did not have a large impact on the construction of the CCS
model, which is inconsistent with the conclusions reached in most studies, but is more
similar to the findings of Jiang et al. in the estimation of chlorophyll in watersheds [69].
This may be due to the fact that the CCS measured in this study was centrally distributed
around 50, making the RF overly concerned with data in that range, leading to a decrease
in overall prediction accuracy. In addition, the strong correlation among the selected vege-
tation indices as shown in Figure 4 suggests potential multicollinearity among the features,
and the PLSR model developed from principal component analysis effectively addresses
issues of high intercorrelation among variables, resulting in comparable predictive accuracy
among the three models. Therefore, future optimization efforts could focus on refining
the choice of vegetation indices or considering multiple types of independent variables to
reduce multicollinearity between variables.

Although the best CCS model established in this study has good prediction ability,
the prediction accuracy of the model appears to be significantly different among different
terrains, and unlike the model’s stable prediction ability among different slope locations,
its prediction generalization is lower among different slope directions. Compared with
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slope location, slope directions have a greater impact on the prediction accuracy of the best
CCS model, making the model not applicable to CCS prediction in different terrains.

The interpretation of multispectral imagery for CCS is mainly derived from the re-
flectance of the Cunninghamia lanceolata canopy to solar radiation, which is directly related
to the radiation environment of the vegetation canopy. Variations in the radiation environ-
ment of the vegetation canopy are mainly defined by the quantity, quality, and directional
distribution of incident radiation, and these factors are mainly defined by the dimension
and terrain of the vegetation site.

The interpretation of CCS from multispectral imagery is mainly derived from the
reflectance of the Cunninghamia lanceolata canopy to solar radiation, which is directly
related to the radiation environment of the vegetation canopy. Variations in the radiation
environment of the vegetation canopy are defined by the quantity, quality, and directional
distribution of incident radiation, and these factors are mainly defined by the latitude and
terrain of the vegetation site.

The different performance of the best CCS model in slope location and slope directions
may be due to the fact that the study area is located in a hilly area, and there is not much
difference in elevation between different slope locations, so there is no big difference in
the quality and quantity of solar radiation received by the Cunninghamia lanceolata canopy
between different slope locations, while the slope directions have a big influence on the
incidence direction of solar radiation, and a change in the slope directions will lead to the
difference in the incidence angle of radiation, which will directly affect the reflectance of
Cunninghamia lanceolata. The effect of the change of slope directions will lead to the differ-
ence of radiation incidence angle, which will directly affect the reflectance of the fir canopy,
and the result of this effect is that the more the slope directions are turned to the light-facing
direction, the larger the spectral reflectance ratio is [70]. Additionally, as a heliophilous
species, Cunninghamia lanceolata experiences different light and water distribution across
various slope aspects, directly influencing its growth, yield, and function [71,72]. These
internal variations cannot be perfectly interpreted by vegetation indices, thus limiting the
model’s adaptability. Based on the above factors, the following ways can be used in the
future to reduce the influence of slope directions on the model prediction accuracy. First, the
acquisition of multispectral images of the study area can be carried out at noon in cloudy
weather as much as possible to reduce the influence of the directionality of solar radiation.
Secondly, tilt photography can be used to obtain multi-angle multispectral information of
the forest floor, and optimize the acquisition of spectral data of the forest floor from the
perspective of forest canopy reflectance anisotropy [73], so as to reduce the influence of
slope directions on spectral reflectance data. In addition, the feature parameters related to
CCS can be further explored, and new vegetation indices or texture feature indices can be
incorporated to achieve higher interpretation capability of CCS, so as to explore the CCS
inversion model with better applicability.

However, as far as the above approaches are concerned, they do not completely
eliminate the influence of terrain on the predictive ability of the model, so this study builds
inverse models of CCS for different slope directions separately, aiming to seek for a better
accuracy of CCS prediction. The model training results show that the sunny CCS model and
the shady CCS model had higher predictive accuracy than the best CCS inversion model.
Moreover, the predictive capabilities of the sunny CCS model and the shady CCS model
did not vary significantly across different slope directions. Comparing the performance
of the second category models and the third category models in predicting CCS across
the study area, all six models exhibited strong predictive abilities with high similarity in
the distribution patterns of CCS predictions. This confirms that the sunny CCS model
and the shady CCS model have strong applicability across terrains. Therefore, in practical
applications, separating inversion models for shady and sunny slopes can provide more
accurate predictions of CCS. In addition, this study did not address the effect of elevation
on model applicability.
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In addition, there is still room for improvement in the following processes in this
study: first, in the previous study, the SPAD can be calibrated to chlorophyll content with
high accuracy, but there are still some errors in it [74,75], so this study can be followed up
with a study on how to calibrate the CCS derived from the prediction to Cunninghamia
lanceolata canopy chlorophyll content; second, this study has not elaborated on the effect
of elevation on the applicability of the model, and so the model could not be applied in
the prediction of CCS with large differences in stand elevation; third, this study used UAV
remote sensing to estimate CCS with the aim of reducing the drawbacks of small range and
long time in the investigation of chlorophyll process, but this study found that UAVs still
have some limit in the investigation range in practical application due to signal reception
and other problems, and currently, high-resolution satellites covering the whole world are
constantly emerging, and scholars are also exploring the joint use of UAV and satellite data
to carry out remote sensing investigations [76–78], so this study can be followed up with
joint high-resolution satellite remote sensing to expand the application range of the CCS
inversion model.

5. Conclusions

This study constructed a CCS inversion model based on multispectral images of near-
mature Cunninghamia lanceolata forests acquired by drones and data from 200 collected
SPAD samples. The research analyzed the terrain adaptability of the model, and the results
showed the following:

Based on the correlation analysis between measured CCS and features extracted
from multispectral drone images, a highly significant correlation at the 0.01 level was
found between the red-edge band and CCS. The three vegetation indices with the highest
correlation to CCS were LCI, RVIRE, and IPVIRE, all of which included the red-edge band
in their construction, further confirming the close relationship between the red-edge band
and CCS.

The principal component analysis of the vegetation indices constructed in this study
shows that the correlation between the 21 vegetation indices is significant, and after dimen-
sionality reduction of the vegetation index data, we can obtain four uncorrelated principal
components, whose cumulative contribution rate is 94%, which contains most of the infor-
mation of the original parameters, and can be used to establish prediction models instead
of the original parameters.

Through a comprehensive analysis of R2, RPD, and RMSE, the BPNN model was iden-
tified as the best CCS model for predicting CCS. The model showed good performance with
R2s of 0.816 and 0.812 for the training and test datasets, RMSEs of 2.138 and 2.607, and RPDs
of 2.157 and 1.942, indicating high prediction accuracy and suitability for CCS prediction.

Using the established best CCS model, CCS was predicted for different terrains. The
results showed similar prediction accuracy for CCS across different slope locations, but
lower generalization across different slope directions. After separately modeling samples
from different slope directions, both models showed R2 above 0.8 and demonstrated strong
applicability across terrains.
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