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Abstract
To explore the Hyperspectral Estimation Method for estimating the chlorophyll content of rape leaves, so
as to provide a scientific basis for rapid and nondestructive monitoring of the chlorophyll content of rape
crops in Northwest China.Taking the rapeseed crops in the northwest region as the research object,
through the correlation analysis of the SPAD value and the spectral parameters of the rape leaves, the
spectral parameters sensitive to SPAD were screened, and the single factor model,the partial least square
regression model (PLSR) and BP neural network model optimized by genetic algorithm based on multiple
linear stepwise regression based on the spectral parameters were constructed respectively and were
compared.The results showed that: 1) The general trend of the spectral curve of rape leaves was the
same, and the spectral reflectance decreased with the increase of chlorophyll content; 2) The correlation
of seven spectral parameters involved in the modeling was above 0.770, all of which reached significant
correlation at 0.01 level; 3) In each growth period, the BP neural network model optimized by genetic
algorithm based on multiple linear stepwise regression is the optimal model. The modeling R2 is above
0.77, and the maximum can reach 0.91. It is verified that R2 is above 0.73, the maximum can reach 0.92,
RMSE is between 1.32–3.22, RE is between 2.50% − 4.49%. BP neural network model optimized by
genetic algorithm based on multiple linear stepwise regression is an inversion method which can
estimate the SPAD value of rape leaves accurately and quickly.

Introduction
Chlorophyll, a pigment essential for photosynthesis in green plants, is closely related to the
photosynthetic capacity of plants and their growth status and is an important indicator of plant nitrogen
content 1–5. Traditional methods for measuring chlorophyll content mainly include spectrophotometry
and atomic absorption, which are time-consuming, labor-intensive, and cumbersome processes. The
emerging hyper-spectral remote sensing has the advantage of real-time, rapid, and non-destructive
monitoring of chlorophyll content, providing an effective means for quantitative diagnosis of crop
chlorophyll content 6–9. At present, many scientists at home and abroad have conducted research on the
application of hyperspectral remote sensing technology for the determination of chlorophyll content.
There has been more research on wheat and maize and less on oilseed rape in terms of crops. The
prediction models have been extended from simple traditional linear models to complex machine learning
algorithm models. Liu Lu et al searched for the optimal spectral index by constructing a traditional linear
model of the spectral reflectance of summer maize and the SPAD value of the plant canopy10–11. Based
on ground-based hyperspectral and real-world agronomic data, Sampson et al concluded that combining
the continuous wavelet transform and partial least squares regression could achieve remote sensing
estimation of chlorophyll in winter wheat12–14.

In recent years, BP neural network algorithm models are emerging for numerous applications due to their
ability to implement any complex non-linear mapping and their self-learning capability, generalization,
and generalization15, and their application in chlorophyll prediction is gradually increasing. Liu Wenya et
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al used a BP neural network to quantitatively simulate the chlorophyll content of Sargassum pine 16.
regression model, and a BP neural network model based on spectral reflectance and SPAD values of
maize leaves, and concluded that the BP neural network had the better predictive ability for chlorophyll.
Genetic algorithms are parallel and can make it easier for BP neural networks to converge to a global
minimum, improving the inversion accuracy of BP neural network models17–20.

Studies employing multiple spectral parameters and using a BP neural network model optimized by a
genetic algorithm based on multiple linear stepwise regression to predict SPAD values are rare. In the
present study, oilseed rape in northwest China a partial least squares regression model (PLSR) and a
multiple linear stepwise regression genetic algorithm based optimized BP neural network model (MLSR-
GA-BP) was constructed by analyzing SPAD values of oilseed rape leaves and spectral parameters of
leaves. This observation would provide theoretical and technical support for remote sensing monitoring
of oilseed rape growth in the northwest.

Materials And Methods

Overview of the study area and experimental design
The present experimental study area is in Xipo Village, Xinglin Town, Fufeng County, Baoji City, Shaanxi
Province, China, at longitude 107°58'48″ E and latitude 34°19'12″ N (Fig. 1). The area is in the western
part of the Guanzhong Plain and the central and western part of Shaanxi Province. The region has an
average annual temperature of 12.4°C and average annual precipitation of 592 mm, and mainly grows
wheat, corn, and oilseed rape.

This experiment followed four critical fertility stages of oilseed rape for sampling and observation:
seedling stage (29 March 2019), bolting stage (16 April 2019), flowering stage (25 April 2019), and
maturation stage (11 May 2019). Sampling was done in each plot with eight sampling points. The upper,
middle, and lower two leaves of an oilseed rape plant were collected as the sample of this sampling point
then immediately put into plastic bags, drain, air was put into a thermostat box with ice bags, and
brought to the laboratory. The SPAD is the relative content index of plant chlorophyll, and the SPAD value
is often used as an indicator of chlorophyll content in practical studies, so the SPAD value and spectral
reflectance of oilseed rape leaves were determined for the present study.

Leaf SPAD measurement
SPAD values of oilseed rape leaves were determined using a SPAD-502 handheld chlorophyll meter, and
the leaves were numbered. First, a total of six leaves from the upper, middle, and lower layers were
selected for measurement, followed by ten measurements at different parts of each leaf and averaged,
and finally, the SPAD values of the six leaves of each sample point were averaged as the final SPAD value
of that sample point.

Leaf spectral reflectance determination
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The spectral reflectance of oilseed rape leaves was measured using an American SVC HR-1024i
spectrometer to study the spectral 400 ~ 1 000 nm band, as the green plant spectrum is mainly influenced
by chlorophyll in the visible band. The spectral profile of oilseed rape leaves was resampled to 1 nm
using the spectrometer's own software SVC HR-1024i PC. Each sample point was selected to measure a
total of 6 leaves in the upper, middle and lower 3 layers (corresponding to the SPAD leaves under test). To
make the measurement results more representative, 32 spectra were measured for each leaf, and an
average of 12 spectra was taken as the final spectral reflectance of the sample points.

Spectral parameter selection
In the present study, eight feature parameters based on hyperspectral position, five area feature
parameters composed of spectral curves, four new spectral feature parameters and 14 vegetation indices
were selected (Table 1).
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Table 1
Spectral parameters and their definition or calculation formula

Parameters Spectral
parameters

Definition or algorithm

Definition or algorithm

Hyperspectral position
characteristic parameters

Db Maximum value of first order differentiation
within 490-530nm

Dy Maximum value of first order differentiation
within 560-640nm

Dr Maximum value of first order differentiation
within 680-760nm

λb Db corresponding to the wavelength position

λy Dy corresponding to the wavelength position

λr Dr corresponding to the wavelength position

Rg Maximum spectral reflectance in the range
510-560nm

Rr Maximum spectral reflectance in the range
640-680nm

Characteristic parameters of
hyperspectral area

SDb Integration of first-order derivative spectra
from 490–530 nm

SDy Integration of first-order derivative spectra
from 560-640nm

SDr Integration of first-order derivative spectra
from 680-760nm

SRg Sum of first order differential band values
within 510-560nm

SRr Sum of first order differential band values
within 640-680nm

New spectral characteristic
parameters

Sg Skewness of spectral reflectance in the 510-
560nm range

Kg Kurtosis of spectral reflectance in the 510-
560nm range

Sr Skewness of spectral reflectance in the 640-
680nm range

Kr Kurtosis of spectral reflectance in the 640-
680nm range

Vegetation index NDVI (R800-R670)/(R800 + R670)
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Parameters Spectral
parameters

Definition or algorithm

Definition or algorithm

GNDVI (R801-R550)/(R801 + R550)

SR R744/R667

VOG1 R740/R720

VOG2 (R734-R747)/(R715 + R726)

VOG3 (R734-R747)/(R715 + R720)

CARI (R700-R670)-0.2(R700-R670)

TCARI 3[(R700-R670)-0.2(R700-R550)(R700/R670)]

MCARI [(R700-R670)-0.2(R700-R550)](R700/R670)

OSAVI [(1 + 0.16)(R800-R670)]/(R800 + R670 + 0.16)

TCARI/OSAVI TCARI/OSAVI

MCARI/OSAVI MCARI/OSAVI

MTCI (R754-R709)/(R709-R681)

PRI (R570-R531)/(R570 + R531)

Model construction method
In this study, a multivariate linear stepwise analysis genetic algorithm-based BP neural network model
(MLSR-GA-BP neural network) was used for optimization. The MLSR-GA-BP neural network model uses
multiple linear stepwise regression to filter out variables with large influence on the dependent variable,
and then uses genetic algorithms to optimize the BP neural network weights and thresholds to finally
establish the optimal model. The specific genetic algorithm parameters and BP neural network
parameters are shown in Table 2.
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Table 2
Genetic algorithm parameters and BP neural network algorithm parameters

Parameters of genetic
algorithm

Value BP neural network parameters Value

Population size 10 Training times 100

Maximum number of
iterations

50 Network performance objectives 0.001

Crossover probability 0.8 Training function trainlm

Mutation probability 0.1 Learning rate 0.1

Optimization scope [-1,1] Momentum coefficient 0.8

    Number of hidden layer nodes 3(Seedling stage is 2)

    Transfer function from input layer
to output layer

Hyperbolic tangent S-
shaped functions

    Transfer function from hidden layer
to output layer

Log S functions

Model validation parameters
A total of three indicators, namely the coefficient of determination R2, the root mean square error RMSE,
and the relative error RE, were used to evaluate the fitting and forecasting ability of the model, where the
larger the coefficient of determination R2 (which cannot exceed 1) and the smaller the root mean square
error RMSE and relative error RE, the better the fitting and forecasting ability of the model. In this
experiment, the measured SPAD values were sorted by size and sampled by stratified sampling method
according to 3:1 to construct the estimation model and validation model. Sixty samples of the estimation
model and 20 samples of the validation model were taken for each fertility period21–24

Results And Discussion
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Changes in SPAD and hyperspectral characteristics of
oilseed rape leaves at different fertility stages
The mean SPAD of rapeseed leaves showed a decreasing trend, with a total decrease of 26.51% from
seedling to maturation stage (Fig. 2). The results of the ANOVA showed that there were significant
differences between seedling stage and bolting stage, flowering stage and maturity stage, respectively,
and between maturity stage and bolting and flowering stage, respectively, but no significant differences
between bolting and flowering stage.

The overall trend in spectral reflectance is consistent across all fertility stages and is in line with the
pattern of hyperspectral reflectance of most green plants (Fig. 3). At 400–500 nm, a 1st absorption valley
was formed due to the strong absorption of blue light by chlorophyll; At 600–700 nm, a 1st absorption
valley is formed due to the strong absorption of red light by chlorophyll. The two absorption valleys form
a strong reflectance peak around 550 nm, with a sharp increase in reflectance at 670 ~ 780 nm due to the
strong absorption of red light by chlorophyll gradually changing to scattering of NIR light; At 780 to 1 000
nm, a persistently high reflectance plateau is formed due to the internal structure of the leaf and the
concentration of nutrients within the leaf, among other things. From Fig. 3, it is apparent that the changes
of reflectance in different fertility stages, the overall trend from seedling to maturity reflectance was on
the rise, but in the vicinity of 400 nm-520 nm and 580 nm-690 nm, the flowering stage reflectance was
higher greater than the maturity stage reflectance, the overall trend was the opposite of the average law
of SPAD of rapeseed leaves in different fertility stages. The reason is that the higher the SPAD value of
rape leaves, the higher the chlorophyll content and thus the stronger the light absorption, and the lower
the reflectance.

Correlation analysis between SPAD values and raw spectral
reflectance of oilseed rape leaves
The SPAD values of oilseed rape leaves correlated with the original spectral reflectance, showed that the
SPAD values of oilseed rape leaves at all fertility stages were highly significantly correlated with the
original spectra in the green-yellow and red light bands, with the greatest correlations around 550 nm and
710 nm, and both were significantly negatively correlated (Fig. 4). The correlation declined rapidly after
710 nm in all four fertility stages and then increased slowly, but only the maturity stage reached a
significant positive correlation at the 0.01 level and not in the other three fertility stages.

Correlation analysis of SPAD values and spectral
parameters in oilseed rape leaves
SPSS software was used to analyze the correlation between SPAD value and spectral parameters of rape
leaves, and the results are shown in Table 3. Twenty-two spectral parameters were significantly correlated
at the 0.01 level (specific spectral parameters were not identical), one spectral parameter was
significantly correlated at the 0.05 level, and eight spectral parameters were not correlated (specific
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spectral parameters were not identical) at the seedling, bud and flowering stages, and 26 spectral
parameters were significantly correlated at the 0.01 level, one spectral parameter was significantly
correlated at the 0.05 level, and four spectral parameters were not correlated at the maturity stage.
Therefore, the correlation between leaf SPAD values and spectral parameters was better at maturity
compared to the other three fertility stages. At the seedling stage, the best correlated spectral parameter
was MCARI, with a correlation of 0.808, of which SRg, CARI, and MCARI all correlated above 0.800; at the
bud stage, the best correlated spectral parameters were VOG2 and MTCI, with a correlation of 0.908, of
which 14 spectral parameters correlated above 0.800; at the flowering stage, the best correlated The
spectral parameter with the best correlation was CARI with a correlation of 0.839, of which Db, SRg, CARI,
MCARI and MTCI correlated to 0.800 or more; at maturity, the spectral parameter with the best correlation
was SRg with a correlation of 0.869, of which 13 spectral parameters correlated to 0.800 or more. From
the perspective of spectral parameters, a total of seven spectral parameters, Db, SDb, SRg, CARI, MCARI,
MCARI/OSAVI, and MTCI, all correlated above 0.770 in the four reproductive stages, with better
correlations, and could better participate in model building.
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Table 3
Correlation between SPAD value and spectral parameters of rape leaves in different growth stages

Spectral parameters Seedling stage Bolting stage Flowering stage Maturation stage

Db -0.783** -0.887** -0.817** -0.853**

Dy 0.440** 0.721** 0.579** 0.690**

Dr -0.247* -0.479** -0.529** -0.507**

λb 0.295** 0.620** 0.425** 0.385**

λy 0.311** 0.286* 0.07 0.11

λr 0.721** 0.849** 0.779** 0.771**

Rg -0.387** -0.636** -0.533** -0.670**

Rr 0.087 0.105 0.077 -0.018

SDb -0.773** -0.870** -0.791** -0.850**

SDy 0.710** 0.853** 0.734** 0.800**

SDr -0.046 0.138 -0.078 0.289**

SRg -0.800** -0.882** -0.813** -0.869**

SRr 0.403** 0.618** 0.555** 0.777**

Sg 0.203 0.521** 0.342** 0.535**

Kg -0.306** -0.585** -0.408** -0.632**

Sr -0.310** -0.156 -0.252* 0.429**

Kr -0.173 -0.087 -0.095 0.455**

NDVI -0.103 -0.061 -0.1 0.129

GNDVI 0.466** 0.776** 0.599** 0.767**

SR -0.186 -0.19 -0.176 0.089

VOG1 0.692** 0.894** 0.754** 0.835**

VOG2 -0.737** -0.908** -0.779** -0.835**

Note: ** Significantly correlated at 0.01 level (both sides), * Significantly correlated at 0.05 level (both
sides).
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Spectral parameters Seedling stage Bolting stage Flowering stage Maturation stage

VOG3 -0.733** -0.907** -0.778** -0.833**

CARI -0.805** -0.877** -0.839** -0.865**

TCARI -0.748** -0.842** -0.755** -0.823**

MCARI -0.808** -0.855** -0.802** -0.855**

OSAVI -0.100 0.014 -0.094 0.221*

TCARI/OSAVI -0.699** -0.811** -0.717** -0.801**

MCARI/OSAVI -0.795** -0.841** -0.779** -0.845**

MTCI 0.776** 0.908** 0.801** 0.855**

PRI -0.087 -0.163 -0.21 -0.514**

Note: ** Significantly correlated at 0.01 level (both sides), * Significantly correlated at 0.05 level (both
sides).

Comparison of single-factor model construction and
accuracy of SPAD values in oilseed rape leaves
The results of model modeling are shown in Table 4, which shows that at the seedling stage, the MCARI
power function model has the highest coefficient of determination R2 and its validation coefficient R2 is
larger, while RMSE and RE are smaller. Similarly, the MCARI/OSAVI quadratic polynomial model had the
best prediction ability at the bud stage; at the flowering stage, the exponential model developed by CARI
had the best prediction ability; at the maturity stage, the MCARI power function model had the best
prediction ability compared with the models developed by other parameters during the same period.
Comparing the optimal models for the four fertility stages, it can be seen that the modeling coefficient of
determination and the validation coefficient of determination were the highest for the bud shoots stage,
and the RMSE and RE were both lower, so from the perspective of univariate modeling it was suitable to
estimate the SPAD values of rape leaves at the bud shoots stage using the quadratic polynomial model
developed by MCARI/OSAVI.
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Table 4
Single factor optimal estimation model of spectral parameters and SPAD values in different growth

periods
Growth
period

Spectral
parameters

Model Modeling
accuracy

Verification accuracy

R2 R2 RMSE RE/%

Seedling
stage

Db y = -25.65ln(x) − 
94.702

0.61 0.81 3.61 4.78

SDb y = -21.58ln(x) − 
4.9315

0.59 0.76 3.62 4.81

SRg y = -22.6ln(x) − 9.737 0.64 0.75 3.45 4.65

CARI y = 69.858e-8.73x 0.64 0.72 3.25 4.63

MCARI y = 29.96x-0.318 0.65 0.74 3.33 4.57

MCARI/OSAVI y = 33.808x-0.315 0.63 0.76 3.35 4.50

MTCI y = 0.8265x2 + 7.9612x 
+ 38.246

0.57 0.62 3.40 4.33

Bolting
stage

Db y = 2E + 06x2 − 20966x 
+ 100.39

0.85 0.61 3.86 6.88

SDb y = 3118.5x2 − 816.18x 
+ 93.073

0.84 0.80 3.04 4.73

SRg y = 3847.9x2 − 909.94x 
+ 93.263

0.84 0.74 2.84 4.65

CARI y = 3856.3x2 − 695.32x 
+ 71.093

0.83 0.80 3.59 5.58

MCARI y = 319.86x2 − 239.31x 
+ 84.629

0.84 0.80 3.40 5.38

MCARI/OSAVI y = 157.92x2 − 169.68x 
+ 84.942

0.85 0.84 3.35 5.08

MTCI y = -1.208x2 + 19.044x 
+ 23.883

0.83 0.65 3.52 5.63

Flowering
stage

Db y = -6231.5x + 72.445 0.68 0.35 3.41 5.25

SDb y = 1521.8x2 − 484.35x 
+ 77.58

0.66 0.32 3.28 4.95

Note: x represents the spectral parameter, y represents the SPAD value of rape leaves, the same below.
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SRg y = 2157.5x2 − 592.36x 
+ 79.345

0.69 0.34 3.13 4.69

CARI y = 63.157e-6.189x 0.71 0.42 2.85 4.67

MCARI y = 29.603x-0.32 0.68 0.35 2.98 4.63

MCARI/OSAVI y = 33.688x-0.312 0.66 0.35 3.06 4.69

MTCI y = 41.659x0.4104 0.61 0.41 2.99 4.68

Maturation
stage

Db y = 77.732e-130.4x 0.74 0.56 2.07 3.64

SDb y = 68.228e-4.623x 0.74 0.56 2.04 3.49

SRg y = 75.008e-6.24x 0.76 0.58 1.83 3.16

CARI y = 61.592e-5.848x 0.78 0.66 2.14 3.64

MCARI y = 27.512x-0.363 0.77 0.66 2.02 3.38

MCARI/OSAVI y = 31.352x-0.35 0.76 0.65 2.07 3.50

MTCI y = 38.741x0.4455 0.75 0.61 2.13 3.73

Note: x represents the spectral parameter, y represents the SPAD value of rape leaves, the same below.

Comparison of partial least squares regression model
construction and accuracy
The Bolting stage modeling coefficient of determination R2 and the validation coefficient of determination
R2 were the highest, the RMSE was below 3 and the RE was below 4.5%, both of which were small
(Table 5), so the Bolting stage model had the highest accuracy and the best fitting predictive ability
among the four fertility stages.
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Table 5
Partial least squares regression model for different growth periods

Growth
period

Model Modeling
accuracy

Verification accuracy

R2 R2 RMSE RE/%

Seedling
stage

y = 75.7-13446.5*Db + 2564.1*SDb-1702.5*SRg-
52.7*CARI + 29*MCARI-227.7*MCARI/OSAVI + 
1.5*MTCI

0.73 0.75 2.97 4.01

Bolting
stage

y = 45.9-15160.8*Db + 356.2*SDb + 281.8*SRg 
+ 86.8*CARI-143*MCARI + 66.3*MCARI/OSAVI + 
11.3*MTCI

0.87 0.86 3.00 4.48

Flowering
stage

y = 53.5-11223.7*Db + 738.8*SDb-297.2*SRg-
737.2*CARI + 211.13*MCARI-74*MCARI/OSAVI 
+ 4.8*MTCI

0.83 0.52 3.58 5.61

Maturation
stage

y = 62.91 + 3726.06*Db + 98.11*SDb-
555.77*SRg-219.93*CARI-57.46*MCARI + 
71.36*MCARI/OSAVI + 3.19*MTCI

0.77 0.80 2.13 4.01

Construction and accuracy comparison of BP neural network model (MLSR-GA-BP neural network)
optimized by genetic algorithm based on multivariate linear stepwise analysis

The model modeling results are shown in Table 6. from Table 6, it can be seen that the highest modeling
coefficient of determination R2 and the best modeling results were obtained for the budburst stage,
followed by the flowering stage, maturity stage, and seedling stage. However, the validation coefficient of
determination R2 was the highest for the maturity stage, and the RMSE and RE were the lowest, so the
validation accuracy was the highest for the maturity stage, followed by the bud stage, seedling stage, and
flowering stage. Combining the validation accuracy and prediction accuracy, both the bud shoots and
maturity stage fit predictions were better.

Table 6
MLSR-GA-BP neural network model in different growth stages

Growth period Modeling accuracy Verification accuracy

R2 RMSE RE/% R2 RMSE RE/%

Seedling stage 0.77 2.83 3.78 0.78 2.94 3.95

Bolting stage 0.91 2.63 3.61 0.87 2.96 4.47

Flowering stage 0.83 2.22 3.54 0.73 3.22 3.22

Maturation stage 0.82 1.94 3.62 0.92 1.32 2.50

Comparison of the effect of each model and model
accuracy
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To select the optimal model for estimating SPAD values of oilseed rape leaves, the above models were
compared and shown in Table 7. The modeling coefficient of determination R2 of MLSR-GA-BP was the
largest at all four fertility stages and had the best modeling effect, PLSR was the second and the single-
factor model was the worst. In terms of model accuracy, the validation coefficient of determination R2 of
MLSR-GA-BP was the largest in all four fertility stages, and the root mean square error RMSE of validation
was the lowest in seedling, budburst and maturity stages, slightly higher in flowering stage than the one-
factor model, and the relative error RE of validation was the smallest in all. The MLSR-GA-BP neural
network model had the highest prediction accuracy when the three indices were combined. Therefore, the
spatial distribution of the measured and predicted values of the validation samples of the MLSR-GA-BP
neural network model was plotted as a scatter plot (Fig. 5), in which the solid line is the regression
equation of the measured values and the dashed line is the 1:1 line, and when the regression equation is
closer to the 1:1 line, it indicates that the model works better. From Fig. 5, it can be seen that the maturity
model estimates the best results with a slope of the curve of 0.97, which is closest to 1.

Table 7
Comparison of models in different growth periods

Growth period Model Modeling accuracy Verification accuracy

R2 R2 RMSE RE/%

Seedling stage Single Factor 0.65 0.74 3.33 4.57

PLSR 0.73 0.75 2.97 4.01

MLSR-GA-BP neural network 0.77 0.78 2.94 3.95

Bolting stage Single Factor 0.85 0.84 3.35 5.08

PLSR 0.87 0.86 3.00 4.48

MLSR-GA-BP neural network 0.91 0.87 2.96 4.47

Flowering stage Single Factor 0.71 0.42 2.85 4.67

PLSR 0.83 0.52 3.58 5.61

MLSR-GA-BP neural network 0.83 0.73 3.22 3.22

Maturation stage Single Factor 0.77 0.66 2.02 3.38

PLSR 0.77 0.80 2.13 4.01

MLSR-GA-BP neural network 0.82 0.92 1.32 2.50

Discussion
In the visible band, SPAD values of oilseed rape leaves showed a negative correlation with leaf spectral
reflectance, indicating that the higher the chlorophyll content, the lower the spectral reflectance and the
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stronger the absorption of light. This is because in the visible band, the reflectance spectrum of green
plants is mainly influenced by phytochromes, especially chlorophyll, in which the absorption of light is
strong and the reflectance is low25–28.

The choice of model is crucial when estimating leaf SPAD values 29–31. Many researcher have applied
various models to the estimation of SPAD values of various crops, and most of them believe that multi-
factor models are better than single-factor models, machine learning algorithm models are better than
traditional linear models, and BP neural network algorithm models are better than partial least squares
algorithm models in machine learning algorithms. The possible reasons are as follows: firstly, the SPAD
value reflects the chlorophyll content, and the difference of chlorophyll content is reflected in the
reflectance spectrum from visible to near-infrared multiple spectral bands, and the spectral parameters
are the combination of different spectral bands, and the single-factor modeling only considers a single
spectral parameter, while the multi-factor modeling involves multiple spectral parameters in modeling, i.e.,
multiple spectral bands are involved in modeling, so the multi-factor model is better than the single-factor
model. Secondly, the partial least squares algorithm model concentrates the features of principal
component analysis, typical correlation analysis and linear regression analysis 32–36. The BP neural
network algorithm model has the function of realizing any complex nonlinear mapping, which makes it
especially suitable for solving problems with complex internal mechanisms, and it has self-learning
ability, generalization and generalization ability, and the parallelism of genetic algorithm can make it
easier to converge to the global minimum. These advantages make the machine learning algorithm have
advantages that the traditional linear model does not have. So the machine learning algorithm model is
better than the traditional linear model, and the BP neural network algorithm model is better than the
partial least squares algorithm model. When studying BP neural networks, there is no fixed method for
calculating the number of nodes in its hidden layer, and several methods have been used by previous
authors37–38, but after training, none of them is suitable for this model, so the number of nodes in the
hidden layer of this model is selected after several attempts to find the optimal number of nodes.

At present, there is no unified definitive model for estimating SPAD values at home and abroad, and the
selection of the optimal model varies39–42. This is because chlorophyll content varies from crop to crop,
and chlorophyll content of the same crop can be affected by varietal, planting location, water and
fertilizer status, and instrumental differences, which have led to the absence of a uniform model standard
for estimating SPAD values to date. The SPAD values of oilseed rape leaves measured in this paper are
also limited to respond to the situation in the northwest arid region, and the model results affected by this
cannot be applied to the estimation of SPAD values of oilseed rape leaves in other regions yet, and need
to be further studied before being extended42–45.

Conclusions
In this paper, the SPAD estimation models based on partial least squares regression model (PLSR) and
BP neural network based on multiple linear stepwise regression with genetic algorithm optimization (GA)
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were constructed and compared to the following conclusions by analyzing the correlation between SPAD
values and spectral parameters of oilseed rape leaves in the northwest region.

1)The mean SPAD values of oilseed rape showed a gradual decrease at the seedling, bolting, flowering
and maturation stages. The overall trend of spectral reflectance of oilseed rape leaves showed a gradual
increase, but near 400 nm-520 nm and 580–690 nm, the reflectance at flowering stage was greater than
that at maturation, and the overall trend was due to the higher SPAD value of oilseed rape leaves, the
higher chlorophyll content and thus the stronger absorption of light and lower reflectance, resulting in the
opposite trend of the two. The mean values of SPAD in oilseed rape were not significantly different at the
bud and flowering stages, and showed significant differences in all other reproductive stages.

2)From the perspective of spectral parameters, a total of seven spectral parameters, Db, SDb, SRg, CARI,
MCARI, MCARI/OSAVI, and MTCI, were correlated above 0.770 at all four fertility stages, which were well
correlated and could better participate in model building.

3)From the optimal model, the MLSR-GA-BP neural network model was the optimal model, and the
modeling R2 was above 0.77 and the maximum could reach 0.91, and the validation R2 was above 0.72
and the maximum could reach 0.92, which could better predict the SPAD value of rape leaves.
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Figures

Figure 1

Sketch map of rape experimental field location



Page 22/25

Figure 2

Changes of SPAD average value of rape leaves in different growth stages.



Page 23/25

Figure 3

Hyperspectral reflectance curve of rape leaves at different growth stages.
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Figure 4

Correlation coefficient between SPAD value and original spectrum of rape leaves in different growth
stages.
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Figure 5

Distribution of estimated value and measured value of SPAD in validation sample rape leaves.

(a) stands for the seedling stage; (b) stands for the bud stage; (c) stands for the flowering stage; (d)
stands for the mature stage.


