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Abstract: Rapid and non-destructive estimation of the chlorophyll content in cotton leaves is of
great significance for the real-time monitoring of cotton growth under verticillium wilt (VW) stress.
The spectral reflectance of healthy and VW cotton leaves was determined using hyperspectral tech-
nology, and the original spectra were processed using Savitzky–Golay (SG) smoothing, and on its
basis through mean centering, standard normal variate (SG-SNV), multiplicative scatter correction
(SG-MSC), reciprocal second-order differentiation, and logarithmic second-order differentiation
([lg(SG)]′′) preprocessing operations. The characteristic bands were selected based on the correla-
tion coefficient, vegetation index, successive projection algorithm (SPA), and competitive adaptive
reweighted sampling (CARS). The single-factor model, back propagation neural network of parti-
cle swarm optimization algorithm, and extreme learning machine (ELM) of a grey wolf optimizer
(GWO) algorithm were constructed to compare and explore the ability of each model to estimate
the soil plant analysis development (SPAD) value of cotton under VW stress. The results showed
that spectral pretreatment could improve the correlation between characteristic bands and SPAD
values. SG-MSC and SG-SNV showed better changes in the five pretreatments, and the maximum
correlation coefficients of healthy and VW cotton leaves were higher than 0.74. Compared with SPA,
the accuracy of model estimation based on CARS-extracted characteristic bands was higher, and
the estimation accuracy of the multi-factor model was better than that of the single-factor model
under each pretreatment. For healthy cotton leaves, [lg(SG)]′′–CARS–GWO–ELM was the optimal
model, with a modeling and validation set R2 of 0.956 and 0.887, respectively. For VW cotton leaves,
SG-MSC–CARS–GWO–ELM was the optimal model, with a modeling and validation set R2 of 0.832
and 0.824, respectively. Therefore, the GWO–ELM model constructed under different pretreatments
combined with characteristic extraction methods can be used for the estimation of leaf SPAD values
under VW stress to dynamically monitor VW stress in cotton and provide a theoretical reference for
precision agriculture.

Keywords: hyperspectral; cotton verticillium wilt; SPAD value; CARS; GWO–ELM

1. Introduction

Because of it being one of the major cash crops in China [1], timely grasp of cotton’s
growth conditions not only helps in adequately managing cotton fields and improving
cotton production, but also plays a significant role in accelerating national economic de-
velopment. Cotton Verticillium wilt (VW), one of the major broad-range cotton diseases
in China and worldwide [2,3], causes yellowing and curling of leaves until they dry
up and fall off. Cotton VW can also cause withering of flowers and alter boll develop-
ment, which can significantly reduce its quality and yield [4,5]. Cotton VW is caused by
Verticillium dahliae [6], whose proliferating spores block cellulose ducts, leading to a decrease
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in the water and chlorophyll content of leaves, which seriously affects plant growth. There-
fore, regular monitoring and prediction of cotton VW is of great practical importance [7,8].

Chlorophyll is an important photosynthetic pigment in plants that plays an important
role in maintaining physiological functions by absorbing light energy and converting it
into chemical energy, while continuously releasing oxygen and organic substances [9]. The
change in chlorophyll content is an important indicator of crop growth and nutrient levels
and directly or indirectly affects the quality and yield of crops. Therefore, chlorophyll
content is used to measure the photosynthesis capacity, growth status, and status of environ-
mental stress in crops [10,11]. Traditional methods for estimating chlorophyll content not
only require destructive sampling but also involve cumbersome processes and long time-
lines, which are not conducive to large-scale applications [12,13]. The values determined by
the soil plant analysis development (SPAD)-520 portable chlorophyll meter exhibit a highly
significant correlation with the chlorophyll content of the crop. Therefore, SPAD values
have been widely used in the determination of the relative chlorophyll content of many
crops [14]. However, the portable chlorophyll meter SPAD-520 is only used to measure
the relative chlorophyll content at individual points in leaves [15,16]. It is not suitable for
large-scale measurements in crops affected by diseases. However, the rapid developments
in hyperspectral remote sensing technology have overcome the limitations of traditional
methods for chlorophyll content estimation and aided in the rapid and non-destructive
measurement of chlorophyll content in crops on a large scale [17].

Hyperspectral technology is used to obtain spectral information of objects at various
wavelengths in the visible and near-infrared spectra. It uses hyperspectral instruments to
process the reflected, absorbed, and emitted light from an object, converting the light signal
into a digital signal and obtaining spectral data of the object at different wavelengths. The
wide spectral-band range and high resolution are its distinctive characteristics, and its rich
spectral characteristic information plays a unique role in determining the physiological
and biochemical properties of crops [18]. Hyperspectral technology is used to collect crop
spectral reflectivity data, and the hyperspectral characteristic parameters that are most
sensitive to crop physicochemical parameters are extracted by analyzing the response
of crop physicochemical parameters and the spectrum. Additionally, the corresponding
physicochemical parameter inversion model is established to analyze crop growth state
and agricultural situation information, which can provide strong technical support for
agricultural production and decision-making [19]. Therefore, estimating cotton SPAD
values using the hyperspectral technique is important for monitoring cotton VW.

Several studies have focused on the spectral estimation of chlorophyll content in
crops. Zhang et al. [20] used hyperspectral data and multispectral images to construct
traditional regression models and machine learning models, respectively, to achieve rapid
estimation of photosynthetic pigments and SPAD values of Chinese cabbage. Their results
showed that the generalized linear model based on spectral data could better estimate
photosynthetic pigments, whereas the generalized linear model based on spectral data
(R2 = 0.88, root mean square error [RMSE] = 2.39) and convolutional neural network model
based on multispectral images (R2 = 0.87, RMSE = 2.31) could better estimate SPAD values.
Mao et al. [21] investigated the angle effects of different vegetation indices on estimating the
SPAD values of soybean and maize canopies. Their study showed that different observation
angles of the same vegetation index exhibited little effect on the estimation of SPAD values,
and it was highly important to choose a vegetation index more suitable for estimating
SPAD values of crops. Wang et al. [22] developed multivariate linear and non-linear
chlorophyll content-prediction models for winter wheat based on full and characteristic
band spectral data. They observed that the prediction accuracy of the characteristic band
and multivariate non-linear models was better than that of the full band and linear models,
respectively, which provided a theoretical reference for non-destructive determination of
chlorophyll content in winter wheat. Sudu et al. [23] used hyperspectral data acquired by
an unmanned aerial vehicle to estimate the SPAD values of summer maize and revealed
that a machine learning model constructed using parameters selected by a characteristic
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band-extraction algorithm could better estimate crop SPAD values. Lu et al. [24] improved
the accuracy of hyperspectral estimation of SPAD values of jujube leaves under leaf-mite
stress using an extreme learning machine (ELM) model with a particle swarm optimization
(PSO) algorithm. Yang et al. [25] proposed a random forest regression model based on the
combination of spectral characteristic bands and image features that effectively improved
the accuracy of estimating chlorophyll content in wheat under drought stress (R2 = 0.61,
RMSE = 4.439). Zhang et al. [26] proposed a new modified chlorophyll index (MCI) to
improve the estimation accuracy of hyperspectral images of the SPAD values of sugar beet
canopies and verified that the estimation accuracy of the model based on MCI was higher
than that of the model constructed using classical spectral indices. In summary, studies
on the estimation of chlorophyll content using hyperspectral techniques are common, but
there are fewer studies that comprehensively compare the chlorophyll content of healthy
and disease-stressed crops, and most chlorophyll content estimation methods rely on
multifactor models, and the effects of single and multifactor models on chlorophyll content
estimation under disease stress are less explored. Moreover, relatively few studies have
been conducted to estimate the chlorophyll content of crops under disease stress using
machine learning models with population optimization algorithms.

In this study, hyperspectral information and SPAD values of healthy and VW cotton
leaves were collected. Preprocessing was performed on raw spectral data, based on which,
correlation coefficients, vegetation indices, successive projection algorithm (SPA), and
competitive adaptive reweighted sampling (CARS) were used to extract spectral character-
istic information. The characteristic bands with maximum correlation with SPAD values
selected using correlation coefficients and vegetation indices with maximum correlation
with SPAD values under different pretreatments were used as modeling parameters for
constructing the following five single-factor models: linear, exponential, logarithmic, power
function, and polynomial. The spectral characteristic bands extracted by SPA and CARS
were used as modeling parameters for constructing the following two multifactor models:
a back propagation (BP) neural network based on the PSO algorithm and an ELM based
on the gray wolf optimization (GWO) algorithm. This study explored the estimation ef-
fects of single and multifactor models on SPAD values of cotton leaves under healthy and
VW stress, and optimized the machine learning model using a population optimization
algorithm, improving the model’s estimation efficiency and accuracy, to provide theoretical
and technical support for the application of hyperspectral remote sensing technology for
real-time monitoring, accurate judgment, and effective estimation of chlorophyll content of
cotton leaves under VW.

2. Materials and Methods
2.1. Experimental Design

Healthy and VW cotton leaves were collected on 30 August 2022 (cotton boll stage)
from the Tarim University Agricultural Teaching and Research Practice Base, Alar City,
Xinjiang (81◦18′83′′ E, 40◦32′42′′ N) and the experimental field with perennial outbreak
of VW at Shi Tuan, Alar City, Xinjiang (81◦20′39′′ E, 40◦37′3′′ N). The location of the
experimental field is shown in Figure 1. The cotton variety selected for the experiment was
Tahe 2, which exhibits steady growth throughout the growing period, has medium-sized,
dark-green leaves, and is VW tolerant [27].

Four representative collection points were selected within the health cotton trial
zone to capture the growth characteristics of cotton plants in the area. Five cotton plants
were sampled at each collection point using a five-point sampling method, with leaves
excised from the upper, middle, and lower positions of each plant, resulting in a total of
120 healthy leaf samples. The collected cotton leaves were free from any obvious diseases,
and included both old and young leaves. To obtain cotton leaves with different severity
levels of VW, the disease severity of the leaf was divided into five levels based on the
percentage of the diseased area compared to the total leaf area (normal: 0; mild: 0–25%;
moderate: 25–50%; severe: 50–75%; extremely severe: 75–100%) [28]. Four collection
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points were selected within the VW experimental area, where the disease outbreak was
concentrated. Six cotton leaves with different disease severity levels and positions were
collected from each collection point, resulting in a total of 120 diseased leaf samples. This
data collection method plays an important role in expressing the different onset periods of
cotton VW. The collected samples were tested on-site for SPAD values and hyperspectral
data to ensure the accuracy and validity of the experimental data.
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2.2. Hyperspectral Data Acquisition

The ASD FieldSpec HandHeld 2 portable hyperspectral radiometer (325–1075 nm;
Analytical Spectral Device, Boulder, CO, USA), with a spectral resolution of 3 nm, was
selected for the acquisition of cotton leaf hyperspectral data. Spectral data were acquired
between 12:00 and 14:00 local time, and clear and cloudless weather was ensured through-
out the acquisition process. A hyperspectral spectrometer requires whiteboard calibration
before data acquisition, and calibration should be performed every 15 min. The calibration
should ensure that spectral reflectance within the wavelength range is 1 [29,30]. During the
collection process, the leaf samples were placed on a black background, and the instrument
probe was oriented vertically downward, maintaining a distance of 15–20 cm from the
sample at all times. The field of view of the spectrometer was 25◦. When measuring the
spectra, the experimenter wore dark clothing and faced the direction of sunlight to avoid
any influence from shadows or reflections that could affect the spectral properties of the
leaves. The experimenter also avoided measuring the properties of the leaf veins. Five
spectral curves were collected for each leaf sample, and the average value was considered
as the final reflectance information of that sample.

2.3. Determination of SPAD Values

The SPAD-502 portable chlorophyll meter (Konica Minolta, Chiyoda City, Japan) was
used for the determination of the SPAD values of cotton leaves. After collecting the spectral
data of the leaf samples, the SPAD values were measured at five different locations of the
leaves between the leaf margin and the main vein of the lobes, and the average value was
considered the final SPAD value of the leaf sample. The main veins are mainly tissues that
transport water and nutrients, while the petiole is the part that connects the leaf blade to the
stem, and their tissue structure and chemical compositions are different from those of the
leaf blade, which may affect the accuracy of the SPAD values of the leaf blade. Therefore,
care was taken to avoid the main veins and petioles when measuring.
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2.4. Data Processing
2.4.1. Dataset Partitioning

The Mahalanobis distance method was used to eliminate outliers in the spectra and
SPAD values [31] and avoid the influence of abnormal data resulting from instrumental or
human factors on the final modeling result. To ensure the one-to-one correspondence be-
tween spectra and SPAD values, the SPAD values corresponding to anomalous spectra and
the spectra corresponding to anomalous SPAD values were synchronized and eliminated.
The SPAD values (112 for healthy and 111 for VW cotton leaves) obtained after eliminating
abnormal data were sorted from highest to lowest, and every four SPAD values were
divided into one group using a stratified sampling method to obtain 28 groups. Each group
was then divided into modeling and validation sets in the ratio of 3:1. Finally, 84 modeling
and 28 validation samples were obtained for healthy cotton leaves, and 83 modeling and
28 validation samples were obtained for VW cotton leaves.

2.4.2. Spectral Data Preprocessing

The acquisition of spectral data can be easily affected by various factors such as stray
light, instrument noise, and baseline drift. Therefore, spectral preprocessing is an important
step to mitigate the influence of these unfavorable factors on the obtained sample spectral
curve [32,33]. To eliminate random noise in the spectral signal and improve the signal-to-
noise ratio in this study, spectral preprocessing was performed based on Savitzky–Golay
(SG) smoothing. Mean centering (MC) is one of the most common methods of scaling,
which can effectively eliminate the errors resulting from excessive differences in data scales;
a standard normal variate (SNV) can eliminate spectral errors caused by factors such as
variations in particle size and optical path length, thereby making spectra of samples
with similar properties more consistent; multiplicative scatter correction (MSC) is used
to eliminate the spectral influence caused by uneven scattering due to particles; recipro-
cal second-order differentiation ([1/SG]′′) and logarithmic second-order differentiation
([lg(SG)]′′) can subtract the influence of instrument background or drift on the signal,
thereby improving spectral resolution [34,35].

2.4.3. Selection of Spectral Characteristic Bands

The existence of multiple correlations between spectral bands leads to high redun-
dancy in spectral information, which increases the difficulty in modeling at a later stage.
Extracting spectral characteristic bands thus becomes an effective way to sieve and reduce
data and improve modeling efficiency. In this study, under the premise of spectral pre-
processing, correlation coefficients, vegetation indices with clear physical interpretations
(Table 1), SPA, and CARS were used to extract spectral characteristic information. In addi-
tion, obtaining four vegetation indices with relatively clear physical interpretations under
different preprocessing methods is used to explore the sensitivity of selected traditional
vegetation indices to spectral preprocessing.

Table 1. Estimation method of vegetation indices.

Vegetation Index Expression Reference

TCARI (Transformed Chlorophyll Absorption in Reflectance Index) 3[(R700 − R670)− 0.2(R700 − R550)(R700/R670)] [36]
MCARI (Modified Chlorophyll Absorption in Reflectance Index) [(R700 − R670)− 0.2(R700 − R550)](R700/R670) [37]

MTCI (MERIS Terrestrial Chlorophyll Index) (R754 − R709)/(R709 − R681) [38]
mNDVI (modified Normalized Difference Vegetation Index) (R750 − R705)/(R750 + R705 − 2R445) [39]

The correlation coefficient was obtained using Pearson’s correlation analysis of the
spectral reflectance of each band in the dataset with its corresponding physicochemical
parameters to screen for the characteristic bands with the maximum correlation. SPA is
a forward iterative selection method that utilizes vector projection analysis to choose the
most effective wavelengths with minimal redundancy, thereby addressing collinearity
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issues [40]. CARS employs an adaptive reweighted sampling technique in each iteration,
selecting wavelength points with large absolute regression coefficients in the partial least
squares model as a new subset. Based on this new subset, a PLS model is constructed,
and through multiple calculations, the subset with the lowest RMSE of cross-validation is
selected as the spectral characteristic wavelength [41].

2.5. Model Construction Method
2.5.1. PSO–BP Model

The BP neural network is a multilayer feedforward neural network with input, hidden,
and output layers. It uses the BP of the error method to continuously adjust the weights
and thresholds between layers to determine network parameters corresponding to the
minimum error. However, inappropriate initial weights can result in slow convergence
and a tendency to become stuck in local optima during the training process. Therefore, in
this study, PSO was used to optimize the weights and thresholds of the BP neural network
to reduce the time cost and improve the model estimation accuracy by using its global
optimization-seeking capability [42].

PSO is used to design a type of particle that is devoid of volume and mass. Each
particle explores the problem space for optimal solutions using randomly generated initial
positions and flight directions, considering the identified optimum as its extremum. By
sharing these individual extrema, the particle swarm collectively seeks a global optimum
solution, thereby adjusting its velocity and position to achieve optimal outcomes [43].
Assuming the existence of a particle swarm consisting of m particles in an N-dimensional
space, where the position of the i-th particle is denoted as Xi =

(
x1

i , x2
i , · · · , xN

i
)
, and its

velocity as Vi =
(
v1

i , v2
i , · · · , vN

i
)
, the particle’s optimal position is determined by evaluating

the objective function as Pi =
(

p1
i , p2

i , · · · , pN
i
)
. The global optimal position of the particle

swarm is represented as Pg =
(

p1
g, p2

g, · · · , pN
g

)
. During each iteration, the velocities and

positions of the particles are continuously updated based on Equations (1) and (2) [44].

vn+1
i = ω · vn

i + c1r1(pn
i − xn

i ) + c2r2

(
pn

g − xn
i

)
(1)

xn+1
i = xn

i + vn+1
i (2)

In Formulas (1) and (2), i = 1, 2, · · · , m; n = 1, 2, · · · , N; ω is the inertia weight,
which is used to adjust global and local search ability; c1 and c2 are the learning factors,
which regulate the maximum step of particles flying in the direction of individual and
population optima, respectively, and their values are usually in the range of [0, 4]; r1 and
r2 are random numbers varying in the interval of [0, 1], which are used to maintain the
diversity of the particle population.

2.5.2. GWO–ELM Model

ELM is an improved machine learning model based on single hidden-layer feedfor-
ward neural network [45]. ELM differs from the traditional neural network based on
gradient algorithm BP error to adjust the weights, whose input-layer weights and implicit
layer thresholds are generated by random setting. Moreover, the connection weights of the
implicit and output layers are calculated using generalized inverse matrix theory, which
has the advantages of strong generalization performance and fast learning speed. To avoid
the ELM from falling into the local optimum and affecting model estimation accuracy,
GWO was used to optimize the ELM in this study.

By simulating the strict hierarchy and hunting mechanism of gray wolf society, GWO
labels the three wolves with optimal fitness in the pack as α, β, and δ (in that order),
which correspond to the optimal, suboptimal, and third-optimal solutions of the objective
optimization function, respectively; and the remaining solutions are labeled as ω. Then,
the whole optimization search process of GWO mainly includes encirclement, hunting, and
attack [46,47].
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The mathematical modeling of the encirclement behavior is as follows:
D =

∣∣CXp(t)− X(t)
∣∣

X(t + 1) = Xp(t)− AD
A = 2ar1 − a
C = 2r2

(3)

In Formula (3), D denotes the distance between the gray wolf and the prey; C and A
denote the coefficient vectors; Xp and X denote the position vectors of the prey and the gray
wolf, respectively; t and a denote the number of current iterations and the convergence
factor, respectively; r1 and r2 are randomly generated vectors in the interval [0, 1].

The mathematical modeling of the hunting behavior is as follows:
Dα = |C1Xα(t)− X(t)|
Dβ =

∣∣C2Xβ(t)− X(t)
∣∣

Dδ = |C3Xδ(t)− X(t)|
(4)


X1 = Xα(t)− A1Dα

X2 = Xβ(t)− A2Dβ

X3 = Xδ(t)− A3Dδ

(5)

X(t + 1) =
X1 + X2 + X3

3
(6)

In Formula (4), Dα, Dβ, and Dδ represent the distances from α, β, and δ, respectively,
to ω after t iterations. Xα(t), Xβ(t), Xδ(t), and X(t) denote the current position vectors of
α, β, δ, and ω, respectively. C1, C2, and C3 represent random disturbances to α, β, and δ
wolves, respectively. In Formula (5), X1, X2, and X3 represent the step size and direction
of ω toward α, β, and δ, respectively. A1, A2, and A3 are random vectors. In Formula (6),
X(t + 1) represents the final position of ω.

The attack behavior is completed by decreasing the convergence factor a in Formula (3).
When A is in the interval [−1, 1], the next position of the gray wolf is between the current
position and the prey, and the attack behavior is realized by this form; otherwise, the search
for the prey continues.

2.5.3. Model Construction Process

To estimate the SPAD value of cotton leaves more accurately, the spectral reflectance
data in the wavelength range of 350–1050 nm were selected for the study, and the specific
SPAD value estimation model construction process is shown in Figure 2. First, we used a
portable hyperspectral radiometer and a portable chlorophyll meter SPAD-502 to acquire
the spectral data and SPAD values of the experimental samples, respectively. Second,
different preprocessing operations were performed on the original spectral data, and based
on the different preprocessing, univariate and multivariate modeling parameters were
selected using the characteristic band extraction method. Finally, single and multifactor
models were constructed using the characteristic parameters to screen the optimal SPAD
estimation model.



Agriculture 2023, 13, 1779 8 of 23

Agriculture 2023, 12, x FOR PEER REVIEW  8  of  24 
 

 

2.5.3. Model Construction Process 

To estimate the SPAD value of cotton leaves more accurately, the spectral reflectance 

data in the wavelength range of 350–1050 nm were selected for the study, and the specific 

SPAD value estimation model construction process is shown in Figure 2. First, we used a 

portable hyperspectral radiometer and a portable chlorophyll meter SPAD-502 to acquire 

the  spectral data  and SPAD values of  the  experimental  samples,  respectively. Second, 

different  preprocessing  operations were  performed  on  the  original  spectral data,  and 

based on the different preprocessing, univariate and multivariate modeling parameters 

were  selected  using  the  characteristic  band  extraction  method.  Finally,  single  and 

multifactor models were  constructed using  the  characteristic parameters  to  screen  the 

optimal SPAD estimation model. 

 

Figure 2. Overall flow of model construction. 

2.6. Model Evaluation Statistics 

To  fully evaluate model performance,  the coefficient of determination  (R2), RMSE, 

and mean relative error (MRE) were used as evaluation metrics of the model. The closer 

R2 converges  to 1,  the stronger  the model  is  in explaining  the dependent variable;  the 

smaller  the RMSE  and MRE,  the higher  the  accuracy  and  estimation  capability of  the 

model [20]. The calculation formulas for each evaluation metric are as follows, where  𝑛 
is  the sample size,  𝑦௜  is  the actual value,  𝑦ො௜  is  the predicted value, and  𝑦ത௜  is  the mean 

value. 

Rଶ ൌ ൬෍ ሺ𝑦ො௜ െ 𝑦ത௜ሻଶ
௡

௜ୀଵ
൰ ൬෍ ሺ𝑦௜ െ 𝑦ത௜ሻଶ

௡

௜ୀଵ
൰൘   (7) 

RMSE ൌ ඨ
1
𝑛
෍ ሺ𝑦ො௜ െ 𝑦௜ሻଶ

௡

௜ୀଵ
  (8) 

MRE ൌ
1
𝑛
෍

|𝑦ො௜ െ 𝑦௜|
𝑦௜

௡

௜ୀଵ

ൈ 100%  (9) 

   

Figure 2. Overall flow of model construction.

2.6. Model Evaluation Statistics

To fully evaluate model performance, the coefficient of determination (R2), RMSE, and
mean relative error (MRE) were used as evaluation metrics of the model. The closer R2

converges to 1, the stronger the model is in explaining the dependent variable; the smaller
the RMSE and MRE, the higher the accuracy and estimation capability of the model [20].
The calculation formulas for each evaluation metric are as follows, where n is the sample
size, yi is the actual value, ŷi is the predicted value, and yi is the mean value.

R2 =
(
∑n

i=1(ŷi − yi)
2
)

/
(
∑n

i=1(yi − yi)
2
)

(7)

RMSE =

√
1
n∑n

i=1(ŷi − yi)
2 (8)

MRE =
1
n

n

∑
i=1

|ŷi − yi|
yi

× 100% (9)

3. Results
3.1. Statistics of SPAD Values of Cotton Leaves

The statistical characteristics of SPAD values of healthy and VW cotton leaves are
shown in Figure 3. The descriptive statistics of SPAD values for each dataset of VW cotton
leaves were lower than those for each dataset of healthy cotton leaves, except for the
coefficient of variation. The mean SPAD values of the overall datasets of healthy and VW
cotton leaves were 64.243 and 59.862, respectively, which were between the mean values
of the respective modeling and validation sets. Moreover, the coefficients of variation for
each dataset were <10%, which was in accordance with the statistical properties and laid
the foundation for the construction of a hyperspectral estimation model for cotton SPAD
values under VW stress.
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3.2. Spectral Characteristics of Cotton Leaves with Different SPAD Values

The original spectral reflectance curves of healthy and VW cotton leaves are shown in
Figure 4a,b, respectively. The spectral reflectance of healthy and VW cotton leaves in the
near-infrared wavelength range (780–1050 nm) was between 0.33 and 0.75 and between
0.22 and 0.59, respectively. On average, the spectral reflectance of healthy cotton leaves
was higher than that of the leaves affected by VW in this wavelength range. The variation
of spectral reflectance with wavelengths for both healthy and VW cotton leaves showed
notable characteristics of lower reflectance in the visible band (400–780 nm) and higher
reflectance in the near-infrared band (780–1050 nm), and the trends of spectral curves were
the same. Due to the absorption of red and blue light by chlorophyll for photosynthesis,
both blue and red absorption valleys were formed near the visible-light wavelengths of
490 nm and 670 nm, respectively. Around 550 nm, the green wavelengths resulted in
strong reflection, thus forming a weak reflection peak. In addition, the fence structure of
leaves caused a sharp increase in reflectance at 690–750 nm and a significant “red edge”
phenomenon; due to multiple reflections and refractions of light in the leaf cells, the spectral
reflectance formed a high reflectance plateau at 770–900 nm.
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In this study, the hyperspectral data of three representative cotton leaves were selected
to plot the hyperspectral curves of cotton leaves with different SPAD values. As shown
in Figure 5a, the spectral reflectance increased with increasing SPAD values in the near-
infrared band from 770 nm to 900 nm. Figure 5b demonstrates that in the visible range, the
band with a clear correlation between spectral reflectance and SPAD value was concentrated
at 520–670 nm, where the spectral reflectance decreased with increasing SPAD values and
vice versa.
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3.3. Characteristic Band Selection of Hyperspectral Data
3.3.1. Characteristic Bands Are Selected Based on Correlation Coefficients

The spectral reflectance of each band under different pretreatments was subjected
to Pearson’s correlation analysis with the SPAD values of cotton leaves. As shown in
Figure 6a–d, the trends of the correlation curves between the spectral reflectance of healthy
and VW cotton leaves at each band under the original spectrum (R) and SG-MC, SG-MSC,
and SG-SNV pretreatments and the leaf SPAD values were the same, in which the spectral
reflectance of VW cotton leaves at 501 nm under SG-SNV pretreatment exhibited the
strongest correlation with SPAD value, with the correlation coefficient being 0.788. As
shown in Figure 6e,f, the correlation curves between the spectral reflectance and SPAD
values in each band after pretreatment with (1/SG)′′ and [lg(SG)]′′ varied greatly, wherein
the spectral reflectance of VW cotton leaves at 705 nm was most strongly correlated with
SPAD values under [lg(SG)]′′ pretreatment, with the correlation coefficient being 0.757. The
original spectral reflectance of healthy and VW cotton leaves was affected by factors, such
as stray light and baseline drift, resulting in correlation coefficients between the spectral
reflectance in various bands and SPAD values with absolute values below 0.5. However,
after preprocessing, the spectral reflectance showed a significant increase in correlation
coefficients with SPAD values compared to the original spectral reflectance. Furthermore,
after preprocessing, the number of characteristic bands that reached a significant correlation
level of 0.01 was higher in healthy cotton leaves compared to VW cotton leaves. In summary,
the band with the highest absolute value of the correlation coefficient in each of the five
pretreatments was selected as the modeling parameter for the single-factor model to
facilitate its construction.
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3.3.2. Selection of Characteristic Parameters Based on Vegetation Indices

Based on the four vegetation indices with relatively clear physical descriptions (Table 1),
the correlation coefficients between the vegetation indices obtained from healthy and VW
cotton leaves under different spectral preprocessing methods and SPAD values were calculated.
As shown in Figure 7a,b, the correlation between vegetation indices and SPAD values under
different pretreatments was notably different, among which the correlation between the four
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vegetation indices obtained for (1/SG)′′ and [lg(SG)]′′ pretreatments and SPAD values was
generally low. The correlations of MTCI and mNDVI with SPAD values obtained under the
original spectra and SG-MC, SG-MSC, and SG-SNV pretreatments were more stable, with the
correlation coefficients stabilizing around 0.68–0.69 and 0.54–0.58, respectively. In addition,
the absolute values of the correlation coefficients between TCARI and MCARI obtained under
SG-MSC and SG-SNV pretreatments for healthy and VW cotton leaves and SPAD values were
>0.6, which was better than the correlation between the vegetation index of original spectra
and SPAD values. These results showed that pretreatment by SG-MSC and SG-SNV improved
the correlation of TCARI and MCARI with SPAD values.
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3.3.3. Selection of Characteristic Parameters Based on SPA and CARS

The spectral reflectance of cotton leaves in the range of 350–1050 nm was used as the
input quantity for SPA and CARS, and the SPAD value was used as the output quantity.
The characteristic variables selected by SPA were controlled between 5 and 30, the number
of iterations of CARS was set to 100, and the spectral characteristic bands were selected
based on the principle of minimum RMSE. As shown in Figure 8, both SPA and CARS
significantly reduced the dimensionality of spectral data, with dimensionality reduction
ratios exceeding 92%. The number of spectral feature bands selected by SPA for each
preprocessing type ranged from five to nine, with dimensionality reduction ratios exceeding
98%. The dimensionality reduction ratios for the feature bands selected by CARS were
above 92%. Among them, the maximum number of feature bands (55) was selected after
applying the (1/SG)′′ treatment to the spectral reflectance of healthy cotton leaves. In
contrast, the minimum number of feature bands (12) was selected after applying the
(1/SG)′′ treatment to the spectral reflectance of cotton leaves affected by VW.
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3.4. Construction and Optimal Selection of Cotton Leaf SPAD Estimation Model
3.4.1. Single-Factor Model Construction

The characteristic bands and vegetation indices with the highest correlation with
the SPAD values of cotton leaves under different pretreatments were used as modeling
parameters for five single-factor models, which were constructed and screened for the
optimal SPAD-value hyperspectral estimation model.

From Table 2, it can be noted that the characteristic band model outperformed the
vegetation index model under the same pretreatment type. For healthy cotton leaves,
the exponential regression model constructed with spectral reflectance at 711 nm under
SG-MC pretreatment as the independent variable was the optimal single-factor model,
with the modeling and validation set R2 of 0.558 and 0.642, respectively. For VW cotton
leaves, the exponential regression model constructed with spectral reflectance at 501 nm
under SG-MSC pretreatment as the independent variable was the optimal single-factor
model, with the modeling and validation set R2 of 0.606 and 0.684, respectively. Upon
comprehensive analyses, the optimal single-factor model for VW cotton leaves showed a
higher estimation accuracy compared to the optimal single-factor model for healthy cotton
leaves. However, all single-factor models performed at a relatively low level in terms of the
three evaluation indicators, suggesting a mediocre estimation effect.
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Table 2. Optimal single-factor model under different pretreatments.

Leaf Type Preprocessing
Type

Modeling
Parameter

Regression Equation
Modeling Set Validation Set

R2 RMSE MRE (%) R2 RMSE MRE (%)

Healthy

R MTCI y =
59.357 + 11.618 ln(x − 0.679)

0.467 3.590 4.504 0.622 3.103 3.917

SG-MC
R711 y = exp(3.984 − 4.785x− 20.303x2) 0.558 3.270 4.219 0.642 2.939 4.052

MTCI y =
58.945 + 11.919 ln(x − 0.648)

0.458 3.620 4.535 0.624 3.106 3.880

SG-MSC
R501 y = −71.571 + 1064.254x 0.572 3.217 4.072 0.534 3.369 4.445

TCARI y = 34.992x−0.318 0.470 3.582 4.525 0.562 3.320 4.133

SG-SNV
R501 y = 266.037 ln(x + 2.241) 0.572 3.219 4.076 0.528 3.389 4.492

MCARI y = 97.283− 177.281x 0.489 3.516 4.463 0.553 3.339 4.108

(1/SG)′′
R527 y = 67.803− 1349.549x 0.470 3.579 4.510 0.187 4.506 5.917

TCARI y = exp(4.183 − 0.935x− 19.829x2) 0.249 4.262 5.399 0.223 4.352 5.680

[lg(SG)]′′ R712 y = 64.139(1 + x)260.585 0.486 3.524 4.429 0.489 3.574 4.594

VW

R MTCI y = exp(3.935 + 0.042x + 0.021x2) 0.410 4.324 5.948 0.663 3.489 4.767

SG-MC
R712 y = 55.270− 228.301x + 96.747x2 0.472 4.090 5.441 0.706 3.153 3.861

MTCI y = exp(3.946 + 0.03x + 0.023x2) 0.404 4.347 5.998 0.662 3.521 4.828

SG-MSC
R501 y = exp(4.193 − 31.607x + 346.534x2) 0.606 3.534 4.636 0.684 3.409 4.505

MTCI y = 52.349 + 0.466x + 1.766x2 0.403 4.348 6.001 0.665 3.507 4.813

SG-SNV
R501 y = 310.754 + 254.762x 0.614 3.496 4.596 0.665 3.546 4.705

MCARI y =
28.428− 13.135 ln(x − 0.108)

0.432 4.243 5.843 0.610 3.658 4.776

(1/SG)′′
R700

y =
62.534− 429.255x− 16, 515.037x2 0.503 3.967 5.298 0.539 3.958 5.168

TCARI y = 61.536− 69.766x + 151.064x2 0.291 4.739 6.337 0.273 4.998 6.464

[lg(SG)]′′ R705
y = 63.426 + 12, 574.159x−

5, 974, 669.563x2 0.546 3.793 5.258 0.674 3.348 4.567
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3.4.2. Multifactor Model Construction Based on PSO–BP

The characteristic bands under different preprocessing methods extracted by SPA
and CARS were used as modeling parameters for the PSO–BP model. The number of the
BP neural network training time was set to 2000, the target error was 1.00 × 10−5, the
learning rate was 0.1, and the number of nodes in the hidden layer was calculated and
adjusted according to the empirical formula. We set the PSO learning factors C1 and C2
to 1.494, with velocity and position ranges of −1 and 1 and −5 and 5, respectively, and
applied a trial-and-error approach multiple times to determine the number of hidden layers,
population size, and maximum number of iterations. The specific parameter settings are
shown in Figure 9.
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There were significant differences in the parameter settings of the PSO–BP model
based on healthy and VW cotton leaves under different spectral preprocessing methods.
The number of nodes in the hidden layers of the model based on healthy and VW cotton
leaves was between three and eight, the population size between 10 and 40, and the
maximum number of iterations between 50 and 90, where too many nodes in the implicit
layer increased the complexity of the network and resulted in overfitting of the model, and
too few resulted in underfitting of the model. An extremely large population size could
lead to a reduction in the PSO-seeking efficiency, and an extremely small population size
could easily fall into a local optimum. Therefore, reasonable adjustment of the parameters
of the PSO–BP model according to the actual data was beneficial to improve the overall
performance of the model.

The PSO–BP model constructed using different preprocessing and characteristic extrac-
tion methods exhibited an estimated effect on the SPAD values of cotton leaves, as shown in
Table 3. For healthy cotton leaves, after SG-MC processing, the PSO–BP model constructed
using CARS-selected characteristic bands exhibited enhanced estimation of SPAD values,
with an R2 of 0.828 and 0.755 and RMSE of 2.038 and 2.433 for the modeling and validation
sets, respectively. For VW cotton leaves, after SG-SNV processing, the PSO–BP model
constructed using CARS-selected characteristic bands exhibited improved estimation of
SPAD values, with an R2 of 0.821 and 0.806 and RMSE of 2.379 and 2.557 for the modeling
and validation sets, respectively. Under the same preprocessing method, the estimation
accuracy of the model constructed using CARS-extracted characteristic bands was higher
than that of SPA, and the estimation effect of the PSO–BP model was better than that of
the single-factor model under each preprocessing type. Furthermore, the preprocessed
PSO–BP model did not necessarily exhibit higher accuracy in estimating the SPAD values
of cotton leaves compared to the PSO–BP model constructed using the original spectra.
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Table 3. Results of PSO–BP model based on different pretreatments and characteristic selection
methods.

Method

Healthy VW

Modeling Set Validation Set Modeling Set Validation Set

R2 RMSE MRE
(%) R2 RMSE MRE

(%) R2 RMSE MRE
(%) R2 RMSE MRE

(%)

R-SPA 0.788 2.265 2.855 0.715 2.622 3.540 0.718 2.989 4.001 0.737 2.972 3.580
R-CARS 0.789 2.261 2.786 0.749 2.460 3.141 0.802 2.505 3.299 0.767 2.797 3.592

SG-MC-SPA 0.716 2.620 3.398 0.661 0.861 3.905 0.703 3.068 4.258 0.705 3.149 4.059
SG-MC-CARS 0.828 2.038 2.527 0.755 2.433 3.013 0.801 2.511 3.494 0.750 2.901 3.801
SG-MSC-SPA 0.735 2.532 3.164 0.713 2.633 3.533 0.765 2.731 3.715 0.788 2.670 3.428

SG-MSC-CARS 0.751 2.453 3.126 0.734 2.534 3.377 0.817 2.411 3.294 0.795 2.625 3.646
SG-SNV-SPA 0.675 2.803 3.513 0.735 2.530 3.352 0.804 2.493 3.377 0.777 2.737 3.659

SG-SNV-CARS 0.765 2.386 2.915 0.742 2.496 2.859 0.821 2.379 3.182 0.806 2.557 3.395
(1/SG)′′-SPA 0.527 3.384 4.513 0.498 3.480 4.497 0.646 3.349 4.421 0.675 3.305 4.109

(1/SG)′′-CARS 0.765 2.385 2.711 0.584 3.171 4.020 0.724 2.958 3.967 0.790 2.658 3.623
[lg(SG)]′′-SPA 0.575 3.208 4.074 0.421 3.738 4.864 0.624 3.450 4.694 0.711 3.118 4.315

[lg(SG)]′′-CARS 0.801 2.194 2.743 0.727 2.569 3.234 0.779 2.644 3.475 0.781 2.711 3.751

3.4.3. Multifactor Model Construction Based on GWO–ELM

The characteristic bands screened under different preprocessing methods were used
as the modeling parameters for GWO–ELM. The smooth and stable sigmoid function,
which was easy to derive, was selected as the activation function of ELM, and the multiple
trial-and-error method was applied to determine the number of nodes in the hidden layers,
the size of the gray wolf population and the maximum number of iterations. The final
modeling parameters are shown in Figure 10. The number of hidden-layer nodes based on
healthy and VW cotton leaf models with different preprocessing methods and characteristic
band-extraction methods ranged from four to eight, the gray wolf population size from 10
to 40, and the maximum number of iterations from 50 to 100. Among them, if the value
of the maximum number of iterations—an important condition for the algorithm to stop
iterating—was extremely small, it would have caused the algorithm to fail to converge
to the global optimal solution, and if its value was extremely high, it would have been
time consuming and may have resulted in model overfitting. Therefore, it was crucial to
determine the most suitable number of iterations according to the actual data to ensure
adequate performance and efficiency of the algorithm.
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The estimation effects of the GWO–ELM model on the estimation of SPAD values
of healthy and VW cotton leaves are shown in Table 4. For healthy cotton leaves, after
[lg(SG)]′′ processing, the GWO–ELM model constructed using CARS-selected characteristic
bands provided the best estimation of SPAD values, with an R2 of 0.956 and 0.887 and
RMSE of 1.026 and 1.654 for the modeling validation sets, respectively. For VW cotton
leaves, after SG-MSC processing, the GWO–ELM model constructed using CARS-selected
characteristic bands was the best estimation of SPAD values, with an R2 of 0.832 and 0.824
and RMSE of 2.310 and 2.431 for the modeling and validation sets, respectively. Upon
comprehensive comparison, the GWO–ELM model was better for estimating the SPAD
values of healthy cotton leaves than for estimating the SPAD values of VW cotton leaves.

Table 4. Results of the GWO–ELM model based on different pretreatments and characteristic selection
methods.

Method

Healthy VW

Modeling Set Validation Set Modeling Set Validation Set

R2 RMSE MRE
(%) R2 RMSE MRE

(%) R2 RMSE MRE
(%) R2 RMSE MRE

(%)

R-SPA 0.759 2.416 3.045 0.714 2.628 3.521 0.742 2.861 3.955 0.745 2.929 3.857
R-CARS 0.818 2.099 2.641 0.741 2.500 3.364 0.818 2.399 3.133 0.762 2.832 3.426

SG-MC-SPA 0.751 2.456 3.147 0.685 2.758 3.560 0.769 2.703 3.697 0.682 3.271 4.497
SG-MC-CARS 0.788 2.263 2.907 0.778 2.313 3.186 0.830 2.323 3.146 0.806 2.555 3.057
SG-MSC-SPA 0.705 2.673 3.430 0.766 2.376 3.173 0.792 2.569 3.343 0.801 2.587 3.461

SG-MSC-CARS 0.753 2.442 3.064 0.809 2.150 2.757 0.832 2.310 3.075 0.824 2.431 3.071
SG-SNV-SPA 0.709 2.652 3.321 0.770 2.356 3.119 0.803 2.497 3.304 0.808 2.540 3.263

SG-SNV-CARS 0.761 2.403 3.063 0.823 2.066 2.805 0.816 2.415 3.197 0.800 2.592 3.408
(1/SG)′′-SPA 0.545 3.319 4.396 0.491 3.506 4.500 0.673 3.217 4.334 0.684 3.260 4.178

(1/SG)′′-CARS 0.910 1.475 1.976 0.742 2.497 3.275 0.808 2.467 3.285 0.817 2.478 3.338
[lg(SG)]′′-SPA 0.636 2.966 3.920 0.474 3.563 4.727 0.701 3.078 3.998 0.699 3.182 4.427

[lg(SG)]′′-CARS 0.956 1.026 1.179 0.887 1.654 1.879 0.836 2.277 3.011 0.762 2.830 4.167

3.4.4. Comparison of Estimation Accuracy among Different Modeling Methods

To comprehensively compare the differences among the three modeling methods,
we fitted the measured SPAD values of healthy and VW cotton leaves to the predicted
values of the optimal model under each preprocessing method. As shown in Figure 11, the
multifactor model exhibited a higher estimation accuracy for the SPAD values of cotton
leaves compared to the single-factor model. Additionally, the GWO–ELM model achieved
a higher estimation accuracy for the SPAD values of cotton leaves than the PSO–BP model.
The accuracy of the single-factor and PSO–BP models in estimating the SPAD values of VW
cotton leaves was higher than that for estimating the SPAD values of healthy cotton leaves,
whereas the accuracy of the GWO–ELM model in estimating the SPAD values of healthy
cotton leaves was higher than that for estimating the SPAD values of VW cotton leaves.
Additionally, the [lg(SG)]′′–CARS–GWO–ELM model performed the best in estimating the
SPAD values of healthy cotton leaves, whereas the SG-MSC–CARS–GWO–ELM model
demonstrated the highest accuracy in estimating the SPAD values of cotton leaves affected
by VW. Therefore, the GWO–ELM model can be effectively utilized for the estimation of
SPAD values of cotton leaves under VW stress.
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Figure 11. Optimal model fitting results under different modeling methods. (a) Optimal single-factor
model for healthy cotton leaves; (b) optimal single-factor model for VW cotton leaves; (c) optimal
PSO–BP model for healthy cotton leaves; (d) optimal PSO–BP model for VW cotton leaves; (e) optimal
GWO–ELM model for healthy cotton leaves; (f) optimal GWO–ELM model for VW cotton leaves.

4. Discussion

Owing to the absorption of visible light energy by chlorophyll, cotton leaves exhibit a low
spectral reflectance in the visible light range. However, in the near-infrared range, the cells and
cell walls present in the leaves strongly reflect and refract light, resulting in a comparatively
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higher spectral reflectance of cotton leaves within this range [37]. For healthy cotton leaves,
within the visible light range (520–690 nm), the utilization efficiency of light energy increases
with the increase in chlorophyll content. Consequently, the spectral reflectance of cotton leaves
decreases as chlorophyll content increases within this range. On the other hand, chlorophyll
content serves as one of the crucial factors in maintaining the internal stability of cotton leaves.
An increase in chlorophyll content indicates a higher level of leaf maturity and increased
stability in leaf anatomy. Thus, within the range of 770–900 nm, the spectral reflectance
increases with an increase in chlorophyll content, which aligns with the findings of previous
studies [13,37,48]. Therefore, estimating the SPAD values of individual cotton leaves using
hyperspectral data is feasible.

As the severity of Fusarium wilt increases, the spores and mycelia produced by the
pathogen impede water transportation within cotton plants. Furthermore, the toxins produced
by the fungal spores disrupt the cellular structure of cotton leaves, resulting in the loss of
pigmentation and continuous yellowing of the foliage [49,50]. Furthermore, the spectra of
cotton leaves in the near-infrared range are affected because of the effects of pigments and
the internal cell structure of leaves. When cotton leaves are infected with VW, the internal
tissues and cell structure of the leaves are damaged, resulting in a continuous decrease in
chlorophyll content, thereby altering the multiple reflections of light and leading to lower
spectral reflectance of VW-infected cotton leaves compared to healthy cotton leaves in the
near-infrared range (780–1050 nm). Guo et al. [51] concluded that the internal tissue structure
of wheat leaves was damaged by yellow rust infection, resulting in lower spectral reflectance
of the infected leaves in the near-infrared range (from 738 nm to 1000 nm) than that of
healthy wheat leaves. These results align with the findings of the present study, indicating the
feasibility of using hyperspectral techniques to assess the SPAD values of cotton leaves under
VW stress. Furthermore, this spectral property can be utilized to estimate the severity of the
disease in VW-infected cotton leaves.

Spectral preprocessing can eliminate the interference of stray light, baseline drift, and
other factors in the data, and is an important tool to improve modeling results [32]. All five
preprocessing methods used in this study enhanced the correlation between the character-
istic bands and the SPAD values compared to the original spectra. Among these methods,
SG-MSC and SG-SNV preprocessing methods proved to be the most effective. MSC scales
and translates the spectrum to render the spectral intensity more uniform across the spectral
range, whereas SNV normalizes the mean and variance of the spectrum to a consistent level
by subtracting the mean from each wavelength value in the spectrum and dividing it by
the standard deviation. These two preprocessing methods improved the consistency of the
data while reducing the effect of noise, thus further improving the correlation between the
spectral data and the SPAD values. However, the correlation between vegetation indices
and SPAD values calculated after employing different preprocessing methods was both
enhanced and weakened compared with the original spectra. For healthy cotton leaves,
MCARI under SG-SNV variation was the optimal vegetation index; for VW cotton leaves,
MTCI obtained using the raw spectra was the optimal vegetation index. The reason for this
is that the nature of the preprocessed spectra was changed and it was difficult to fully adapt
the traditional vegetation index calculation formula, which was consistent with the results
of Guo et al. [52]. Furthermore, the selection of spectral characteristic bands effectively
simplified the model and improved its estimation accuracy.

In this study, the SPA and CARS methods were chosen for extracting spectral char-
acteristic bands. The results showed that SPA outperformed CARS in dimensionality
reduction, which was consistent with previous studies [53,54]. However, a limited number
of characteristic bands may hinder the comprehensive response of the model to SPAD
values and potentially affect the estimation effectiveness. In contrast, CARS considers the
correlation between different bands and can effectively select characteristic bands that are
mutually independent yet exhibit significant predictive power. Therefore, the estimation
effectiveness of the model constructed using CARS for characteristic band selection was su-
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perior to that of SPA. Moreover, further investigation is needed to explore the combination
of CARS and SPA for extracting spectral characteristic bands.

In this study, three modeling methods were used to construct hyperspectral inversion
models for SPAD values of healthy and VW cotton leaves. The single-factor model, using a
single characteristic as an independent variable, could not completely utilize the abundant
information contained in hyperspectral data. As a result, the model failed to fully respond
to SPAD values. Therefore, the estimation accuracy of the single-factor model for estimating
leaf SPAD values was lower than that of the multifactor model. The BP neural network relies
on the setting of initial weights and requires multiple iterations using the BP algorithm
to adjust the weights. Its generalization ability and learning rate are lower than ELM.
However, both BP neural network and ELM are prone to becoming trapped in local
optima [55]. Therefore, in this study, PSO and GWO were introduced to optimize both
methods. GWO, due to its strong global search capability, effectively avoided falling
into local optima, and the algorithm required fewer parameters and exhibited a faster
convergence speed, making it easier to debug [46]. PSO possessed both global search
and local optimization abilities and exhibited a wider range of parameters that could be
flexibly adjusted, exhibiting a certain level of scalability [44]. In this study, the GWO–ELM
model constructed using [lg(SG)]′′–CARS processing exhibited better estimation of SPAD
values for healthy cotton leaves compared to other models. In contrast, the GWO–ELM
model constructed using SG-MSC–CARS processing showed a superior estimation of SPAD
values for cotton leaves affected by VW compared to other models. Moreover, the optimal
models for both healthy and VW-affected cotton leaves achieved modeling and validation
set R2 values >0.82. These results indicated that by extracting characteristic bands through
spectral preprocessing and constructing machine learning models based on population
optimization algorithms, it is possible to accurately estimate the SPAD values of cotton
leaves under VW stress. Therefore, it is feasible to utilize this method for estimating SPAD
values of cotton leaves under VW stress. For different crops and diseases, the estimation of
leaf SPAD value should be based on the actual data combined with different preprocessing
and feature extraction algorithms, and the parameters of the machine learning model based
on the population optimization algorithm should be flexibly adjusted to select a more
suitable estimation model.

5. Conclusions

The findings of this study revealed that there are significant differences in the cor-
relation between spectral reflectance, vegetation indices, and cotton SPAD values under
different preprocessing methods. For healthy cotton leaves, the spectral reflectance at 501
nm exhibited the highest correlation coefficient (0.75) with SPAD values under the SG-MSC
method. The MCARI was identified as the optimal vegetation index under the SG-SNV
method, with an absolute correlation coefficient of 0.71. For cotton leaves affected by VW,
the spectral reflectance at 501 nm exhibited the highest correlation coefficient (0.788) with
SPAD values under the SG-SNV method. The MTCI obtained from the original spectral
data was identified as the optimal vegetation index, with a correlation coefficient of 0.69.
Based on comprehensive analysis, the multifactor model outperformed the single-factor
model in terms of estimation of SPAD values. Among them, the GWO–ELM model was
identified as the optimal model in this study. The modeling and validation sets of the
optimal GWO–ELM model for healthy and VW cotton leaves achieved R2 values >0.82.
This model effectively estimated the SPAD values of both healthy and VW cotton leaves.
Therefore, this model can be utilized for monitoring cotton growth and leaf SPAD values
under VW stress. This study used hyperspectral technology to estimate the SPAD values of
healthy and VW cotton leaves in the Alar region of Xinjiang and provides a non-destructive
diagnostic method for assessing the nutrition status of cotton leaves under VW stress in this
region. Additionally, this approach offers theoretical support for precision management of
cotton plants.
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