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Estimation of chlorophyll content in pepper leaves using spectral
transmittance red-edge parameters
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Abstract: The objective of this work was to monitor the growth status of pepper and provide precise guidance on fertilization
through non-destructive detection methods for chlorophyll content based on spectral transmittance. The analysis of the
narrower red-edge spectral region (680-760 nm) reduced the requirements for light sources and light detection sensors, and
provided a simpler and more accurate method of data acquisition for the process of developing instruments for estimating
chlorophyll content in leaves. The red-edge region of spectral transmittance was demonstrated to be closely related to
Regression models for estimating chlorophyll content with seven different methods were developed

The problems of multicollinearity of red-edge

chlorophyll content.
using the four red-edge parameters extracted from the red-edge region.
parameters and errors in model coefficients were solved by the ridge regression method in the process of building a multivariate
regression model. The results indicated that the ridge regression method reduces the errors of the model coefficients and

constant terms while improving the detection accuracy, thus the ridge regression model could estimate the leaf chlorophyll
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1 Introduction

The chlorophyll content is an indicator of

photosynthesis and nutrient content of crops!', and the study of
crop chlorophyll content can provide a reliable basis for precision

important

agriculture™. How to measure the chlorophyll content of leaves
accurately and quickly is important for monitoring the growth of
plants and guiding agricultural production. Numerous studies
have shown that spectroscopic techniques are effective methods for
the rapid detection of chlorophyll content in leaves, obviating the
disadvantages of inefficient traditional chemical analysis methods
and helping achieve real-time collection and analysis of data, and
uninterrupted monitoring®*®!.

When studying chlorophyll content detection based on
spectroscopy, researchers have used plant leaf reflection spectra for
nutrient monitoring of field crops. Researchers used UAV remote
sensing imagery to calculate multiple vegetation indices, using crop
canopy reflectance spectra to model the nutrient monitoring of

[9-13]

multiple peanuts, potatoes, maize, and apple trees Timea et

al.l" established a nonlinear estimation model of the total
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chlorophyll content of bell pepper at maturity using visible,
near-infrared, and short-wave infrared reflection spectroscopy.
The above studies have achieved certain results, but there is a long
light range between the sensors and the sample in the reflection
spectral data acquisition, and the detection needs to be carried out
under conditions of a clear, unclouded sky, which prevents
real-time data acquisition, while the detection results are easily
affected by external environmental factors. In the detection study
of crop leaf lipid content based on spectral transmittance, it is often
necessary to utilize a wide spectral range. He et al.l' used
560-940 nm as the characteristic band to establish spectral feature
parameters for rapid nondestructive estimation of chlorophyll
content in rice, cucumber, and tomato leaves. Ding et al.l'% yged
the absorbance at 384-763 nm as the characteristic band for
chlorophyll content diagnosis in greenhouse tomato leaves. The
spectral range used in the two aforementioned articles exceeds 380
nm, and spans the visible and near-infrared regions, although the
detection results are accurate, the requirements for detection
equipment range are high, and the development of related detection
Thus, this
study improves on the spectral transmittance acquisition method

instruments and equipment is difficult and costly.

and constructs a spectral transmittance acquisition system with
streamlined structure and accurate measurement. An estimation
model with narrow band measurement, simple measurement, and
high detection accuracy is constructed to provide technical support
for the development of a spectral-based chlorophyll content
detection instrument.

The study of the spectral properties of plants revealed that a
steeply rising red-edge region is formed in the range of 680-760 nm
due to the strong absorption of red light and strong reflection of
near-infrared light by leaves!'”), and many studies have shown that
the red-edge parameter representing the characteristics of the
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red-edge region is strongly correlated with the chlorophyll content
of leaves!'™'"”].  Ding et al.” extracts the red-edge position of
tomato blade reflection spectrum using six different calculation
methods, and established a variety of predicted chlorophyll content
linear models. Zheng et al.*!?* used hyperspectral remote
sensing technology to model leaf chlorophyll and nitrogen content
monitoring by calculating spectral red-edge parameters of potato,
winter rape, and maize canopy leaves. The abovementioned
authors used reflection spectroscopy, which yields data susceptible
to interference by external environmental factors, and the reflection
spectrum has high requirements on light intensity and light path
angle. However, transmission spectra can be acquired with a
stable light source fixed directly above the test sample. Many
researchers have used transmission spectroscopy to increase the
accuracy of quantitative chlorophyll measurements. Wang et al.[*¥
successfully used transmission spectroscopy to detect chlorophyll
content in tomato leaves. Raymond et al.!*”) calibrates chlorophyll
meter using transmittance spectra of leaves. Zhang et al.[*®
establishes a new vegetation index using transmittance
spectroscopy and used it to successfully monitor chlorophyll
concentration in rice leaves. In order to improve the accuracy of
detection data, this study used spectral transmittance, eliminating
the errors caused by the environment for spectral data, and
quantitative analysis of chlorophyll content based on the red-edge
region.

In this study, pepper was used as plant material; the red-edge
parameter was applied to the spectral analysis of leaves by using
their spectral transmittance at different leaves of nitrogen (N)
application, the red-edge region characteristic parameters of the
spectral transmittance of pepper leaves were calculated using the
first order derivative method, and various regression models for
chlorophyll content estimation based on the red-edge parameter
were constructed, so as to achieve a simple, efficient and accurate
estimation of chlorophyll content of pepper leaves, and provide a
theoretical basis for the accurate fertilization of pepper plants and
the development of related instruments.

2 Materials and methods

2.1 Pepper cultivation

The experiment was conducted using pepper (Capsicum
annuum L., Jilin Pepper 16) as plant material. The study was
repeated three times in a solar greenhouse at the Jilin Academy of
Vegetable and Flower Sciences (125°23'37.1"E, 43°49'51.9"N)
from April 2018 to November 2019. Seedlings were cultivated in
the same cultivation tank (width 40 cm, high 30 cm, length 600 cm)
and 16 plants were planted in each tank, using a 3:1 ratio of
coconut coir and perlite as substrate. The N level in the Japanese
garden formula was used as the standard solution, and the balance
between nitrate-N and ammonia-N was considered; the N content
in the standard solution was increased or decreased by 50% and
100%, respectively, while ensuring the same content of other major
elements. The temperature in the greenhouse was controlled
within the range of (26+2)°C during the day and (16+2)°C at night,
with a relative humidity of 50%-70%, light intensity not exceeding
1000 photosynthetic photon flux density (PPFD) during the day,
and 800 mL/plant of the nutrient solution was supplied daily.
After 30 d of different N application treatments, the developed
leaves were selected for spectral data collection and chlorophyll
content measurement, and a total of 150 samples were collected
before and after. The 150 samples were randomly divided into
100 samples in the training set and 50 samples in the validation set.

Table 1 Main element concentration of nutrient solution

Element concentration/mmol-L ™!

Element
NO N1 N2 N3 N4
0 35 7.0 10.5 14.0
P 0.5 0.5 0.5 0.5 0.5
K 3.0 3.0 3.0 3.0 3.0
Ca 1.75 1.75 1.75 1.75 1.75
Mg 1.0 1.0 1.0 1.0 1.0

2.2 Spectral data acquisition

The spectral measuring instrument used was the
AvaSpec-ULS2048XL-EVO (Avantes, Netherlands).
measurement range of the spectral transmittance of pepper leaves
was from 350-1100 nm with a measurement step of 0.6 nm.
During the spectral analysis and data processing, the light source
was located directly above the detection platform, vertically
downward, at a distance of 5 cm. The receiver was a cosine
corrector, vertically and upward embedded in the detection
platform.

The light source was a standard tungsten light source (Avantes,
Netherlands), and the spectral data of the light source was saved
before measuring the samples, producing the value of /,. Then the
samples to be measured were laid flat on top of the cosine corrector
avoiding the leaf veins, so that the leaves covered the cosine
corrector completely, and the spectral data of each sample was
collected four times in the middle of both sides of the main leaf

The main

veins and averaged, producing the value of I. After every five
samples were measured, the measurement light source was
calibrated once. Finally, the transmittance calculation formula
was used to obtain a sample spectral transmittance 7

T:LXIOO% (1)
0
2.3 Determination of chlorophyll content
Using a UVS5 ultraviolet-visible photometer (Mettler-Toledo,
Switzerland) for the determination of chlorophyll content, 0.2 g of
deveined leaves were submerged in 10 mL 80% acetone for
extraction for 48 h under dark conditions at 4°C, and the
absorbance at 663 nm and 645 nm was measured in the solution,
and the chlorophyll content was calculated according to the
modified formulae of Arnon’s method”.
2.4 Modeling methods
One-variable linear regression and multivariate linear
regression were used to establish a diagnostic model of chlorophyll
content based on the red-edge parameters of the spectral
Table 2 lists the univariate linear regression

modeling methods used in this study.

transmission.

Table 2 Univariate linear regression models

Regression modeling methods Regression equation

Linear regression model y=a—bx

Quadratic polynomial model y=a—bx+cx*

Logarithmic model y=a—blnx
Exponential model y=ae™
Power model = o

The multivariate linear regression included least square
regression and ridge regression. The least squares method is
calculated as follows:

Y=X0 @
where, X =[xV, x®, ..., ™% v=p" 2, .., »",

6=[6,6,,...6,], XV =[x",x, ., x’]. m is the number
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of samples, n is the feature dimension, and x¥ denotes the i-th
feature of the j-th sample. Derivation of its loss function yields:
aJ(0) T
W_ZX (X0-Y7) 3)
According to the least squares method, let the result of the
derivative be equal to the 0 matrix:

O=(X"X)' X"y @)
is a biased estimation regression method
Hoerl
derived specific proofs for ridge regression

Ridge regression!*®]

for data with multicollinearity in the independent variables.
and Kennard®”
analysis in their analysis. Mcdonald®” provided a brief overview
of ridge regression methods and demonstrated the nature of ridge
regression analysis as the most frequently used formalization
method for the regression of ill-posed problems. Ridge regression
is a modified version of ordinary least squares estimation. It gives
up the unbiased nature of the least squares method at the cost of
losing some information and reducing the accuracy of the model so
that the regression method can obtain more realistic and reliable
regression coefficients.

The ridge regression method transforms the undetermined
problem into a deterministic one by adding a regularization term to

the loss function.  Given by:

[xo - +|ref (5)

where, I' =kl , I is the unit matrix, further calculations lead to the
equation:
Ok)y=(X"X+k)"'X"Y 6)

As the value of k increases, the absolute value 6(k) of each
element of §; tends to become smaller and smaller. When the
value of k tends to infinity, (k) tends to 0. The trajectory of A(k)
with the change in the value of k is called a ridge trace. A very
large number of k values are obtained in the calculation to form a
ridge trace diagram, and the most appropriate & value is determined
according to the basic principles of ridge regression parameter
selection.
2.5 Accuracy assessment

The above seven models were established using the test set to
The validation set was
then brought into the models to obtain the leaf chlorophyll content
estimates, and the accuracy of the models was tested by calculating
the absolute coefficients R,” and root mean square errors (RMSE,)
between the estimates and the actual values.

The absolute coefficient R? is calculated by the equation:

C—a :
R =1—§"(())2 ™
(¢, —c
The RMSE, is calculated by the formula:

RMSE, = /Z:tl(c'_c') (8)
n

where, n is the number of samples; C is the estimated chlorophyll

obtain the model absolute coefficients 2.

content of the leaves; ¢ is the actual chlorophyll content; ¢ is the
mean of the actual chlorophyll content.

3 Results

3.1 Spectral transmittance characteristics and red-edge
parameters

Figure 1 shows the spectral transmittance curves of pepper
leaves in the range of 350-1100 nm under five nitrogen (N0O-N4)
treatments and their first-order derivative curves in the range of

680-760 nm in the red-edge region. In the original spectral
transmittance curve (Figure la), it can be seen that the average
content and spectrum curve of chlorophyll differed significantly
among treatments of different N contents. Due to the strong
absorption of the red light band and to strong non-absorption of the
near-infrared band by the leaves, a wave trough appeared at 680 nm,
With the
increase in chlorophyll content, the depth of the trough and the
slope of the straight line both showed obvious changes. The
spectral transmittance red-edge parameter was calculated using the
first-order derivative method®" (Figure 1b), where the maximum

and in the 680-760 nm waveband range, 7 rose linearly.

value of the first-order derivative curve is the red-edge amplitude
(dAeq), the corresponding wavelength is the red-edge position (4.q),
the area enclosed by the curve is the red-edge area (Srad), and the
width at half of the peak of the curve is the full width at half
maximum (FWHM).
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Figure 1 Transmission spectrum curve of pepper leaves

One anomalous sample was excluded by calculating the
martingale distance of the original spectral transmittance data, and
the red-edge parameters were calculated for the remaining 149
sample data. Figure 2 is a box diagram of red-edge parameters
and chlorophyll content of leaves under five treatments. The
red-edge parameters were significantly affected by chlorophyll
content and showed an obvious trend. The red-edge position,
red-edge area, FWHM, and chlorophyll had a positive correlation
and the red-edge amplitude of the samples in the N1-N4 test area
had a negative correlation with the chlorophyll content.

Table 3
corresponding to spectral information collected from 149 leaves.

shows the statistics of red-edge parameters

The four red-edge parameters were strongly correlated with the
chlorophyll content, and the absolute values of the correlation
coefficients were all greater than 0.8. The red-edge position and
FWHM were related to the correlation coefficient of chlorophyll
content was relatively high (0.8547 and 0.9044, respectively), and
the four red-edge parameters can be used as reference characteristic

parameters for chlorophyll diagnosis.
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Figure 2 Box plots of red-edge parameters and chlorophyll content
Table 3 Statistic of pepper leaf red-edge parameters
Parameters ~ Mean value Standard deviation Maximum value Minimum value Range Coefficient of variation ~ Correlation coefficient
hred 1.8423 0.3427 2.7244 1.2981 1.4264 0.1907 —0.8034
Jred 693.6303 5.2194 707.6600 684.0200 23.6400 0.0076 0.8547
Sred 49.0467 10.7829 60.9721 13.5395 47.4326 0.2318 0.8315
FWHM 28.4133 13.2914 55.6890 11.1200 44.5690 0.4641 0.9044

Note: dAreq: red-edge amplitude; Areq: the corresponding wavelength is the red-edge position; Seq: the curve is the red-edge area; FWHM: Full width at half maximum

(FWHM). The same as below.

3.2 Analysis of modeling results with a single red-edge
parameter

Linear, quadratic polynomial, logarithmic, exponential, and
multiplicative power models were developed based on each
spectral transmittance red-edge parameter (Table 4). In the table,
x is the red edge parameter and y is the chlorophyll content. The
model based on di.q has a lower R? value. The R, value of the
quadratic polynomial model is 0.7656. The model based on A4
among them, the logarithmic model had the highest R,* value, but
the R’ value and RMSE, results are not satisfactory. The
Sreq-based secondary exponential model RMSE, value was 0.6091,
the validation result of this model has the lowest error among the
five models. Among the five linear models based on FWHM, the
R? value of all models except the exponential model was higher
than 0.9. Where the quadratic polynomial models based on
FWHM had coefficients of determination of 0.9472, and the
determination coefficients of the validation set were 0.7909,
RMSE, of the validation set were 0.7074. This model can be used
to develop instruments for chlorophyll content detection based on
spectral transmittance.
3.3 Analysis of results of the multiple red-edge parameter model

The ordinary least squares (OLS) regression model and ridge
regression model are established respectively based on the four
red-edge parameters, and the two multivariate linear regression
models were validated and analyzed (Table 5). By analyzing the
ridge traces for the four red-edge parameters, when the value of K
is 0.2, the regression coefficient of each variable tends to be stable,
and the value of the determination coefficient R of the model is
also high. Bring K=0.2 into the ridge regression model to obtain a
biased multivariate linear regression model.

The determination coefficient R, of the ridge regression model
was smaller than the OLS regression model, and the standard error
(SE), residual sum of squares (RSS), mean square error (MSE),
RMSE, were all higher than the OLS regression model. This
shows that the accuracy of the ridge regression model is lower than
that of the OLS regression model. But the R, value of ridge
regression is higher than that of least squares regression.

Table 4 Establishment and validation of a single red-edge
parameter model

X Univariate linear model RZ R? RMSE,
y=7.2565-2.9709x 0.6497 0.7190 0.7250
y=18.6911-14.9695x+3.0535x> 0.7348 0.7656 0.7803

dhea y=5.2794-5.8522Inx 0.6858 0.7430 0.7248
1=66.2015¢>'71* 0.5141 0.7347 0.7564
1=15.1044x*24%7 0.5316 0.6839 0.8380
y=167.0457+0.2435x 0.8640 0.7103 0.9272
y=0.4171-0.0488(x~680)+0.0077(x—680)> 0.8770 0.6601 1.0910

Jrea y=1101.0839+168.5924Inx 0.8634 0.7105 0.9122
1=1.9865x10%1*201% 0.8734 04126 3.6215
1=0.0037(x—680)>**" 0.8688 0.6552 1.2168
y=3.0410+0.0965x 0.7603 0.6088 0.8068
1=5.5667-0.3207x+0.0047x> 0.9193 0.7686 0.6406

Sed y=13.1218+3.8317Inx 0.6744 0.5390 0.8677
y=0.0163¢" 08¢ 0.8986 0.7768 0.6091
1=0.000001x>% 0.8418 0.7318 0.9013
1=0.9284+0.0964x 0.9456 0.7886 0.7565
y=-1.2407+0.1234x—0.0005x’ 0.9472  0.7909 0.7074

FWHM y=-6.0535+2.43011Inx 0.9291 0.7689 0.7161
1=0.1442¢"075 0.8532 0.6310 1.6236
$=0.0019x"% 0.9305 0.7627 1.0040
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Table 5 Results and validation of the multivariate regression model

Model Multivariate linear model R? SE RSS MSE RMSE, R’
OLS regression y=0.431d2ea—0.055Ar¢q+0.027Sreq +0.085 FWHM+36.720 0.951* 0.281 6.461 0.079 0.615 0.787
Ridge regression ¥=0.739dArea0.052q+0.0258ea +0.035 FWHM-33.554 0.932%* 0.329 8.897 0.109 0.831 0.792

Note:  Significance level 0.01, Significance level 0.05. OLS: Ordinary Least Squares.

In Table 6, the a, b, ¢, d, and e are coefficient and constant
terms of the dirg, Areds Sret» and FWHM, respectively. The
standard errors of the coefficients and constant terms of the ridge
regression model were much lower than those of the least squares
regression model.

Table 6 Analysis of model coefficient error

SE

Model
a b c d e

OLS regression 0.2011 0.0292 0.0112 0.0100 19.9061
Ridge regression 0.0973 0.0055 0.0027 0.0022 3.8093

4 Discussion

4.1 Advantages of spectral detection methods

In this experiment, accurate detection of chlorophyll was
achieved by using only the red-edge region 680-760 nm, just an
80-nm-wide spectral band range. The method reduces the
requirements of the detection device on the light source and light
detection sensor, reducing the cost of testing equipment. The
device measures the optical path as 0, is not easily disturbed by the
external environment, and enhances the accuracy of the data
obtained. All this provides a scientific basis for the development
of an instrument for the estimation of chlorophyll content of leaves
of pepper and possibly other species.
4.2 Validity of modeling methods

The use of ridge regression methods to establish chlorophyll
content estimation model based on four red-edge parameters,
solved problems that the estimation results of the univariate linear
model were greatly influenced by measurement and calculation
In the OLS regression model, Ared was negatively
correlated with chlorophyll content, while the coefficient of 4.4 in

€ITors.

the ridge regression model was positive, which was consistent with
its positive correlation with chlorophyll content. Moreover, the
standard errors of the coefficients and constant terms of the ridge
regression model are smaller. In summary, the ridge regression
model is structurally more stable. This shows that when the
multivariate linear model is established based on the four red-edge
parameters, the ridge regression model is more stable than the least
squares regression model.

5 Conclusions

In this study, seven different regression models were
developed using four transmittance spectral red-edge parameters.
The accuracy of the different regression models in rapid
nondestructive estimation of chlorophyll content in leaves was
compared.  The ridge regression method provides a more
appropriate, reliable, and stable regression model at the cost of
reduced accuracy. It is demonstrated that spectral transmittance
can be used to develop instruments for chlorophyll content
detection based on spectral transmittance. It provides technical
support for the non-destructive detection of leaf chlorophyll based

on transmittance spectroscopy.

Acknowledgements
This work was supported by the Innovation Project of Jilin

Academy of Agricultural Sciences (Grant No. CXGC2021DX016),
China Agricultural Research System of MOF and MARA (Grant
No. CARS-24-G-05) and Jilin Provincial Development and Reform
Commission Industry Independent Innovation Capacity Building
Project (Grant No.2020C013).

[References]

[1] Blackburm G A. Hyperspectral remote sensing of plant pigments.
Journal of Experimental Botany, 2007; 58(4): 855-867.

[2] Blackburn G A, Ferwerda J G. Retrieval of chlorophyll concentration
from leaf reflectance spectra using wavelet analysis. Remote Sensing of
Environment, 2008; 112(4): 1614-1632.

[3] Kochubey S M, Kazantsev T A. Changes in the first derivatives of leaf
reflectance spectra of various plants induced by variations of chlorophyll
content. Journal of Plant Physiology, 2007; 164(12): 1648-1655.

[4] Peng Y, Gitelson A A. Application of chlorophyll-related vegetation
indices for remote estimation of maize productivity. Agricultural and
Forest Meteorology, 2011; 151(9): 1267-1276.

[5] Zhou W, Shi R H, Wu N, Zhang C, Tian B. Spectral response and the
retrieval of canopy chlorophyll content under interspecific competition in
wetlands - Case study of wetlands in the Yangtze River Estuary. Earth
Science Informatics, 2021; 14(3): 1467-1486.

[6] Pfindel E E. Simultaneously measuring pulse-amplitude-modulated
(PAM) chlorophyll fluorescence of leaves at wavelengths shorter and
longer than 700 nm.  Photosynthesis Research, 2021; 147: 345-358.

[71 Li H, Wei Z H, Wang X, Xu F. Spectral characteristics of reclaimed
vegetation in a rare earth mine and analysis of its correlation with the
chlorophyll content. Journal of Applied Spectroscopy, 2020; 87(3):
553-562.

[8] ZhuW ], LiJY, Li L, Wang A C, Wei X H, Mao H P. Nondestructive
diagnostics of soluble sugar, total nitrogen and their ratio of tomato leaves
in greenhouse by polarized spectra-hyperspectral data fusion. Int J Agric
& Biol Eng, 2020; 13(2): 189-197.

[91 QiHX,WuZY,ZhangL, LiJ W, ZhouJ K, Jun Z, et al. Monitoring of
peanut leaves chlorophyll content based on drone-based multispectral
image feature extraction. Computers and Electronics in Agriculture, 2021;
187:106292. doi: 10.1016/j.compag.2021.106292.

[10] Cai Y, Miao Y X, Wu H, Wang D. Hyperspectral estimation models of
winter wheat chlorophyll content under elevated CO,. Frontiers in Plant
Science, 2021; 12: 642917.  doi: 10.3389/fpls.2021.642917.

[11] Wu B, Huang W J, Ye H C, Luo P L, Ren Y, Kong W P. Using
multi-angular hyperspectral data to estimate the vertical distribution of leaf
chlorophyll content in wheat. Remote Sensing, 2021; 13(8): 1501-1501.

[12] Zhu W X, Sun Z G, Yang T, Li J, Peng J B, Zhu K Y, et al. Estimating
leaf chlorophyll content of crops via optimal unmanned aerial vehicle
hyperspectral data at multi-scales. ~ Computers and Electronics in
Agriculture, 2020; 178: 105786. doi: 0.1016/j.compag.2020.105786.

[13] Chen SM,MaLH, Hu TT, Luo L. Nitrogen content diagnosis of apple
trees canopies using hyperspectral reflectance combined with PLS variable
extraction and extreme learning machine. Int J Agric & Biol Eng, 2021;
14(3): 159-166.

[14] Ignat T, Schmilovitch Z, Fefoldi J, Bernstein N, Steiner B, Egozi H, et al.
Nonlinear methods for estimation of maturity stage, total chlorophyll, and
carotenoid content in intact bell peppers. Biosystems Engineering, 2013;
114(4): 414-425.

[15] He D X, HuJ X. Plant nutrition indices using leaf spectral transmittance
for nitrogen detection. Trans of the CSAE, 2011; 27(4): 214-218, 397.
(in Chinese)

[16] Ding Y J, Li M Z, Zheng L H, Zhao R J, Li X H, An D K. Prediction of
chlorophyll content of greenhouse tomato using wavelet transform
combined with NIR spectra. Spectroscopy and Spectral Analysis, 2011;
31(11): 2936-2939. (in Chinese)

[17] Luciano S, Richard F, John S, Viacheslav A, Donald R, David M, et al.
Water and nitrogen effects on active canopy sensor vegetation indices.



90

September, 2022 Int J Agric & Biol Eng

Open Access at https://www.ijabe.org

Vol. 15 No. 5

(18]

[19]

[20]

[21]

[22]

[23]

[24]

Agronomy Journal, 2011; 103: 1815-1826.

Jiang CH, Chen Y W, Wu H H, Li W, Zhou H, Bo Y M, et al. Study of a
high spectral resolution hyperspectral LiDAR in vegetation red-edge
parameters extraction. Remote Sensing, 2019; 11(17): 2007. doi:
10.3390/rs11172007.

Ren H R, Zhou G S, Zhang X S. Estimation of green aboveground
biomass of desert steppe in Inner Mongolia based on red-edge reflectance
curve area method. Biosystems Engineering, 2011; 109(4): 385-395.
Ding Y J, Zhang J J, Li X H, Li M Z. Estimation of chlorophyll content
of tomato leaf using spectrum red edge position extraction algorithm.
Trans of the CSAM, 2016; 47(3): 292-297, 318. (in Chinese)

LiLT, Ren T, Ma Y, Wei Q Q, Wang S Q, Li X K, et al. Evaluating
chlorophyll density in winter oilseed rape (Brassica napus L.) using
canopy hyperspectral red-edge parameters. Computers and Electronics in
Agriculture, 2016; 126: 21-31.

Wen PF, Shi ZJ, Li A, Ning F, Zhang Y H, Wang R, et al. Estimation of
the vertically integrated leaf nitrogen content in maize using canopy
hyperspectral red-edge parameters. Precision Agriculture, 2021; 22(3):
984-1005.

Zheng T, Liu N, Wu L, Li M Z. Estimation of chlorophyll content in
potato leaves based on spectral red-edge position. IFAC Papers on Line,
2018; 51(17): 602—606.

Wang J F, He D X, Song J X, Dou H J, Du W F. Non-destructive

[25]

[26]

[27]

[28]

[29]
[30]

[31]

measurement of chlorophyll in tomato leaves based on spectral
transmittance. Inter J Agric & Biol Eng, 2015; 8(5): 73-78.

Raymond H E, Daughtry C.  Chlorophyll meter calibrations for
chlorophyll content using measured and simulated leaf transmittances.
Agronomy Journal, 2014; 106(3): 931-939.

Zhang J H, Han C, Li D P. New vegetation index monitoring rice
chlorophyll concentration using leaf transmittance spectra. Sensor Letters,
2010; 8(1): 16-21.

Lichtenthaler H K, Wellburn A R. Determinations of total carotenoids
and chlorophyll a and b leaf extracts in different solvents. Biochemical
Society Transactions, 1983; 11(5): 591-592.

Zohre E K, Fatemeh R, Mohsen E K, Somayeh N. Investigation of the
relationship between dust storm index, climatic parameters, and normalized
difference vegetation index using the ridge regression method in arid
regions of Central Iran. Arid Land Research and Management, 2020;
34(3): 239-263.

Hoerl A E, Kennard R W. Ridge regression: biased estimation for
nonorthogonal problems. Technometrics, 1970; 12(1): 55-67.

Mcdonald G C. Ridge regression. Wires Computational Statistics, 2009;
1(1): 93-100.

Dawson T P, Curran P J. Technical note a new technique for
interpolating the reflectance red-edge position. International Journal of
Remote Sensing, 1998; 19(11): 2133-2139.



