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Estimation of chlorophyll content in maize canopy using wavelet denoising
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Abstract: In order to estimate the chlorophyll content of maize plant non-destructively and rapidly, the research was conducted
on maize at the heading stage using spectroscopy technology. The spectral reflectance of maize canopy was measured and
processed following wavelet denoising and multivariate scatter correction (MSC) to reduce the noise influence. Firstly, the
signal to noise ratio (SNR) and curve smoothness (CS) were used to evaluate the denoising effect of different wavelet functions
and decomposition levels. As a result, the Sym6 wavelet basis function and the 5" level decomposition were determined to
denoise the original signal. The MSC method was used to eliminate the scattering effect after denoising. Then three spectral
ranges were extracted by interval partial least squares (IPLS) including the 525-549 nm, 675-749 nm and 850-874 nm.  Finally,
the chlorophyll content estimation model was developed by using support vector regression (SVR) method. The calibration
R.? of the SVR model was 0.831, the RMSEC was 1.3852 mg/L; the validation R,? was 0.809, the RMSEP was 0.8664 mg/L.
The results show that the SNR and CS indicators can be used to select the parameters for wavelet denoising and model can be
used to estimate the chlorophyll content of maize canopy in the field.
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1 Introduction

Chlorophyll content of crop is an important indicator to
estimate crop growth status, and is one of bases for field fertilizer
management. According to the spectral absorption properties of
chlorophyll, spectral analysis technique is widely used as a fast and
non-destructive method for crop chlorophyll content detection!™.,

To estimate the chlorophyll content of maize, Ciganda et al.[”
constructed red edge chlorophyll index with red edge (720-730 nm)
and near infrared (770-800 nm) spectral reflectance. Chenet al.[
proposed a new spectral indicator named Double-peak Canopy
Nitrogen Index (DCNI) which was used for maize nitrogen
detection. Schlemmer et al.”? reported that chlorophyll content
can be accurately retrieved using green and red-edge chlorophyll
indices using near infrared (780-800 nm) and either green
(540-560 nm) or red-edge (730-750 nm) spectral bands at the
canopy level. Rossini et al.®! estimated temporal chlorophyll
using a suite of vegetation indices and found a high correlation of
over 0.8 between leaf chlorophyll content and narrowband spectral

Received date: 2017-06-25 Accepted date: 2018-05-18

Biographies: Haojie Liu, PhD candidate, research interests: agricultural
informatization, Email: hjliu267@163.com; Minzan Li, PhD, Professor,
research interests: precision agriculture, Email:limz@cau.edu.cn; Junyi Zhang,
PhD candidate, research interests: agricultural informatization, Email:
junyizh@cau.edu.cn; Dehua Gao, PhD candidate, research interests: agricultural
engineering, Email: 751723071@qq.com; Liwei Yang, PhD, Associate
Professor, research interests: agricultural engineering, Email: yangliwei@
cau.edu.cn.

*Corresponding author: Hong Sun, PhD, Associate Professor, research
interest: agricultural informatization. China Agricultural University, Beijing
100083, China. Tel: +86-10-62737924, Email: sunhong@cau.edu.cn.

Int J Agric & Biol Eng, 2018; 11(6): 132-137.

indices.

However, in the field application, the spectral reflectance of
crop canopy is measured by the spectrometer. It is a combination
signal from leaves, soil background and around environment, and
influenced by the random noise. Thus, it is necessary to denoise
the spectral reflectance data and select the sensitive wavebands to
help improve the performance of estimation model in the field®%,

For data denoising, it is generally processed in the
spatial-domain and the time-frequency domain. In the spatial
domain, it is used to remove some unwanted components or
features from a signal such as moving average method,
Savitzky-Golay (SG) convolution smoothing method and
derivative algorithm. The results of moving average method and
SG method are limited by the size of smoothing window which
may cause signal distortion"),  Although the derivative operation
is considered as an effective method to eliminate interference of
background and improve resolution, it may reduce signal-to-noise
ratio (SNR) of spectral reflectance by involving new noise2.

Wavelet analysis is a kind of time-frequency local analysis
method with the area of wavelet window fixed and window shape
varying!*®l, Wavelet transform not only has the characteristics of
multi-resolution analysis, but also has the ability to represent the
local characteristics of the signal in time and frequency domain,
which can help to effectively remove noise. The effect of wavelet
denoising depends on suitable basis functions and decomposition
layer. Li et al.l* established the tomato vitamin C content
prediction model based on the wavelet denoising by the db6
wavelet and 5™ layer decomposition. Likewise, Liang et al.l*™
published that the Haar wavelet and 5" layer decomposition could
help to reduce the noise influence of the spectral reflectance of
wheat canopy. As mentioned above, choosing suitable wavelet
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parameters is important for spectrum denoising and chlorophyll
detection modelling in the field.

In this research, to detect the chlorophyll content rapidly and
non-destructively, the spectral reflectance of maize canopy was
measured. To eliminate the noise influence, the wavelet
parameters were discussed in detail.  After the sensitive
wavelengths selection, a chlorophyll content estimation model was
established.

2 Materials and methods

2.1 Field experiment

The field experiment was conducted at the Shangzhuang
Experimental Station of China Agricultural University (CAU) in
Beijing on May 13, 2016. It was a sunny day and suitable for
spectral reflectance measurement. The field area was about
100 m>30 m and divided into 80 sample plots. The maize cultivar
was Nongda98. The phenological phase was heading stage with
the height of 60-70 cm.

The canopy spectral reflectance was measured by a handheld
spectrometer (ASD, FieldSpecHH) in the range of 325 nm to
1075 nm within 1 nm increments. The view angle was 25<and
the measurement height was about 50 cm above the canopy. The
spectral reflectance data were taken three times and the average
values were calculated in each plot.

After spectral reflectance measurement, canopy leaves were
cut and packed into sealed bags, and then the chlorophyll content
were detected in the laboratory.

2.2 Chlorophyll content measurement

The chlorophyll content was measured by an ultraviolet
spectrophotometer (UV752). Firstly, the surface of winter wheat
leaves was cleared and the main stems were removed. Secondly,
the leaves were cut and mixed evenly. 0.4 g leaves were soaked
into 25 mL mixed liquor of 99% acetone and absolute ethanol with
the proportion of 2:1 for 24 hours. In the process of soaking, the
mixed liquor was shaked every 8 hours to help the chlorophyll
extraction. The absorbance data in 645 nm and 663 nm were
determined by spectrophotometer. The chlorophyll content of
leaves was calculated according to the Equations (1) and (2):

Ca=12.72Ag63—2.59A¢45 @)
Cp=22.88Ag45—4.67Ass3 )
where, Agss and Aggz were the absorbance of 645 nm and 663 nm;
C. and C, were chlorophyll a and chlorophyll b content (mg/L)
respectively. The total amount of chlorophyll content C, equaled
to C, plus C,,
2.3 Data processing method

The data processing followed the steps of spectrum denoising,
sample set division, sensitive wavebands selection and estimation
model establishing. Firstly, the field spectral data was processed
by wavelet noise reduction and multivariate scatter correction
(MSC). Secondly, the sample set division was conducted by
sample set partitioning based on joint x-y distance (SPXY) and
sensitive wavebands were selected by interval partial least squares
(IPLS). Finally, a support vector regression (SVR) model was
established for chlorophyll content estimation.

2.3.1 Wavelet denoising

Wavelet theory is applicable to several subjects. All wavelet
transforms may be considered as forms of time-frequency
representation for continuous-time (analog) signals. The essence
of wavelet denoising is that the signal corresponds to a series of
coefficients after the wavelet transform.  Small coefficients
correspond to noises and large coefficients correspond to actual

signal. And the wavelet coefficients which are greater than the
threshold value should be retained and the wavelet coefficients
which are less than the threshold value can be set to zero. Thus
the noise can be eliminated by reconstructing the signal with the
processed wavelet coefficients. The flow of wavelet denoising is
shown in Figure 1.

Noisy Denoised
Signal Wavelet Set the noise Signal Signal

Transform coefficients to 0 Reconstruction

Figure 1  Flow chart of wavelet denoising

The wavelet toolbox was used and it could be conducted by the
function: [xd, cxd, Ixd]=wden (x, tptr, sorh, scal, n, ‘wname’) , in
which x was the input signal. The ‘tptr’ specified the threshold
selection rule. There are four options for ‘tptr’, specified as
‘rigrsure’, ‘sqtwolog’, ‘heursure’ and ‘minimaxi’.  And the
“heursure” rule was applied because of its robustness to small SNR
signal. The ‘sorh’ parameter was specified as soft thresholding
which was wavelet shrinkage. The ‘scal’ parameter was specified
as ‘sln’ under the assumption of white noise. The ‘n’ parameter
and ‘wname’ parameter defined the decomposition level and
wavelet function respectively.  The two factors had great
influence on wavelet denoising effect. They were determined
under the evaluation of the following SNR and curve smoothness
(CS) indicators.
2.3.2 Evaluation of wavelet denoising effect

This study quantitatively evaluated the wavelet denoising
effect by different wavelet basis functions and different
decomposition layers. The evaluation was conducted by using the
SNR indicator which is calculated according to Equation (3), and
the CS indicator which is calculated according to Equation (4).
The wavelet parameter was compared and selected by estimation of
higher SNR and lower CS.

SNR =+ $10x10g,, (30 y) 3
N = %o i1 (X'ij_xij)z

CS :{i[xliﬂ,i_X'i‘j]z}/{i[xiﬂ,j _Xi,j]z} (4)

where, x;; is the original spectral reflectance of sample j at
wavelength of i nm; x’; is the denoised spectral reflectance of the
sample at waveband of i nm; N represents the number of samples,
and L is the number of waveband per sample.
233 MSC

The MSC method*®*" is a common method for eliminating
baseline translation and shift caused by the overlap of leaves and
soil background at the present stage. The method, conducted
following Equations (5) and (6), could effectively eliminate
scattering effects and enhance the relationship between spectral
information and chlorophyll content.

X, =a+hX; 5)
Xiimsc:(xi_ai)/q (6)
where, X; is the reflectance spectrum of the i-th sample; YI is

average reflection spectrum of all samples; a; is linear translation
coefficient; b; is tilt migration coefficient; X; s is the reflectance
spectrum after multivariate scattering correction.
2.3.4  Sample set partitioning based on SPXY

Galvao proposed SPXY sample division method™*® on the base
of Kennard-Stone (KS) method and Content Gradient method,
taking both spectral space and property space of samples into
account. According to the principle of SPXY, the X variables and
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the Y variables are taken into account simultaneously. And in
order to ensure that the distance has the same weight in the X and Y
space respectively, dy(p,q) and dy(p,q) are divided by the maximum
value in respective data set. The distance between the samples is
calculated as Equation (9):

dxnm=jiwan—&un%nqeuwl )

d,(p. )= (¥, )% p.q <L N] @®)
_ d,(p,q) d,(p.q)
O P ) = e LNIA(pg) | max, . cLNId,(prq)
2.3.5 IPLS

The sensitive spectral wavebands to chlorophyll content were
selected by IPLS method. It is a wavebands selection method**2"
based on partial least squares (PLS).

The basic principle of IPLS method is to divide the full
waveband into N intervals uniformly. In each interval, the
number of optimal factors is determined by the interactive
verification method, and the corresponding PLS optimal model is
established. Then, the RMSE corresponding to each PLS model
is obtained. The spectral ranges whose RMSE are relative smaller
will be selected, and all the wavebands in the selected spectral

ranges will be used to establish prediction model. The RMSE
indicator is calculated as Equation (10):
RMSE = fZ(y'—y)Z/n (10)
i=1

where, y’ is predictive value and y is measured value; n is the
number of samples.
23.6 SVR

The SVR method was proposed by Vapnik! on the basis of
support vector machine (SVM). It was a modeling method
specifically for small sample problems, which could be used to
obtain optimal solutions with finite samples. SVR mapped
original variables to high dimensional feature space by using the
nonlinear transform, and then the linear classification function was
conducted in high dimensional feature space, which ensured that
the model had good generalization capacity and also solved the
problem of “dimension disaster”.

However, there is no specific theory at the selection of the
parameters (i.e., the penalty parameter of C and the kernel function
parameter of g) in SVR studying and training, which affect the
prediction accuracy and efficiency of SVM modeling. Artificially
parameters setting is always adopted on the basis of specific issues.
According to the literatures, the better parameter combinations
could be obtained after repeating designating each parameter and
comparing their results, which might lead to inefficiency and
blindness.  Under normal conditions, g and a lower C are
suggested since the model with the lowest predicting error could be
established. = The cross validation method helps to avoid
over-fitting and to improve fitting efﬁciency[zzl.

This study adopted the cross validation method to realize the
optimal parameters selection in SVR modeling.  Firstly, the
penalty parameter of C and the kernel function parameter of g were
searched in a wide-range, the lowest training error was then
observed. Then C and g could be searched in a specific
narrow-range and more precise values could be determined.
According to the experience, an exorbitant penalty parameter
would lead a model with over-fitting, or high fitting coefficients but
weak generalization.

The methods mentioned above were operated with the program
in Matlab R2014a environment. In which wavelet denoising was
realized by wavelet toolbox, and SVR was implemented by
LIBSVM software package.

3 Results and discussion

3.1 Characteristic analysis of field spectral
Because of the influence of the field environment and the
instability of the instrument, there is always a lot of noise in the
spectral data measured in field environment. To make sure
whether there was significant noise in the signal collected in the
field, the standard reflectance spectral of maize leaf was measured
in lab. The mean values of two kinds of curves are shown in
Figure 2. In general, the standard curve was smooth without
significant fluctuation. Compared with the standard spectral,
there was obvious fluctuation noise signal of the field canopy
reflectance in the range of 325-400 nm and 900-1075 nm. Except
the two ranges discussed above, some of the noise phenomena were
showed in others wavelengths (400-900 nm). So it was necessary
to denoise the spectral data measured in field environment.
0.7

— Field spectral
06F === Standard spectral

04}

Reflectance

0 A A . A )
200 400 600 800 1000 1200
Wavelength/nm

Figure 2 Comparison of field and standard spectral

3.2 Wavelet denoising

To eliminate the noise influence, the wavelet denoising
algorithm was used. The paper employed SNR and CS to
evaluate the wavelet denoising effect and to help determine the
suitable wavelet basis function and decomposition level.

In general, the wavelet basis function and decomposition level
are the most two important factors in the wavelet denoising,
although the SymN (N=2, 3, ..., 8) wavelets were shown as the
alternative wavelet functions because of its orthogonal symmetry
property and compactly supported property. The best performing
wavelet function and decomposition level should be determined.
There were two steps as follows:

Firstly, the decomposition level was fixed to 5 according to
some relevant researches® 2! in order to select the best performing

wavelet.  Thus, the parameter settings of wden() function were
the 5 decomposition level, ‘hursure’ threshold selection, soft
thresholding and “sln” threshold rescaling. When different symN
wavelet basis functions were used, the evaluation indicator values
were calculated. The denoised spectral reflectance under different
symN wavelet is shown in Figure 3. The indicator values are
shown in Table 1.

Overall, the change trends of SNR and CS were reversed.
The values of SNR increased firstly and then decreased, while the
CS values increased after decreased. Specifically, SNR values
increased from 101.65 (Sym2) to 106.67 (Sym6) and decreased to
103.15 (Sym7), then rose to 104.41 (Sym8). The largest value of
SNR was 106.67 on Sym6 wavelet operation. Meanwhile, the CS
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values decreased from 75.14 (Sym2) to 41.28 (Sym7) and then rose
to 42.54 (Sym8). The values of CS were nearly after the Sym6.
Comprehensive considering the SNR and CS, the Sym6 wavelet
was selected as the basis function.

Sym8

%

Sym2

Original spectral

2
)

0.4

Reflectance

1000

80
600 o
wav aene®

400
&) 0200

Figure 3 Denoised spectral curve under different SymN

Table 1 Evaluation indicator values of SymN wavelets

wavelet SNR CS
Sym2 101.65 75.14
Sym3 103.17 49.07
Sym4 104.58 44.63
Sym5 104.85 43.05
Sym6 106.67 42.82
Sym7 103.15 41.28
Sym8 104.41 42,54

Secondly, the ‘wname’ parameter of the wden() function was
fixed to be the Sym6 wavelet to evaluate the denoising effect of
different decomposition levels by SNR and CS. The other
parameters of the wden() function were kept the same. When
different decomposition layers were used, the evaluation indicator
values were calculated. The denoised spectral curves of a sample
after 1%-8" layer decomposition by Sym6 wavelet are shown in

Figure 4. The corresponding indicator values are shown in
Table 2.
8" layer
0.8 \
1" layer
0.6 Original spectral
o 0.
|
504
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&
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Figure 4  1st-8th layer wavelet decomposition curves of the
spectral data

Table 2 Evaluation indicator values of 1%-8" decomposition

layer
layers SNR CS
1 136.24 65.96
2 123.98 46.73
3 119.81 43.76
4 113.76 43.01
5 106.67 42.82
6 89.85 3121
7 78.12 15.91
8 78.74 11.43

According to Figure 4, with the increasing decomposition scale,
the obtained curves became smoother because of the eliminating of
random noise. And after 5th layer, some deformation obviously
appeared in the denoised spectral curve because of the loss of
useful information.

As shown in Table 2, from 1% layer to 5 layer, both the SNR
and CS values slowly decreased with the increasing decomposition
scale, in which the SNR was decreased from 136.24 to 106.67 and
CS was decreased from 65.96 to 42.82.  And then from 5" layer to
8" layer, they decreased remarkably with SNR from 106.67 to
78.74 and CS from 42.82 to 11.43. It was shown that the SNR
values were similar between the 7" layer and 8™ layer with 78.12
and 78.74 respectively.

According to the definition of SNR, when the denoising effect
is very small, the indicator value would still be large enough to
meet the requirements, but it did not actually achieve the purpose
of denoising. So CS was used as an auxiliary indicator to evaluate
the denoising effect. ~ Although the SNR value of 1% layer was the
largest (136.24), there was still obviously fluctuation as the CS
value was 65.96. In the 5" layer, the SNR was 106.67 and the CS
value was 42.82.  Their properties are much better than that of the
1% layer and without signal distortion. The result indicated that
the 5™ layer decomposition could remove most of the noise without
losing useful noise. Thus, the 5" layer decomposition was
determined with the best denoising effect based on the SNR and CS
evaluation comprehensively.

As a result, the Sym6 wavelet under 5th layer decomposition
was used to denoise the original spectral data. The original
spectral data is shown in Figure 5a and the denoised spectral data is
shown in Figure 5b. The denoised spectral curves were much
smoother than the original spectral curve, especially in the range of
325-400 nm and 900-1075 nm.  In addition, the slight fluctuations
were also filtered within 400-900 nm. It was indicated that most
of the noise had been removed and the quality of the field spectral
reflectance data was improved.

09r
0.8 F
0.7 F
0.6 F
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0.4
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Reflectance
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09r o
0.8 {ﬂ«/‘%—x-\\\iﬂ\\\
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0.5F
0.4+
03F
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0 - 1 T ": 1 1 1
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Wavelength/nm
b. Denoised Spectral

Figure 5 Result of spectral denoising
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33 MsSC

The problems of baseline shift and offset always exist in the
canopy diffuse emission because of the scatter interference from the
crossover and overlaps of maize leaves. Therefore, as shown in
Figure 5, there were obviously overlaps in the range of 325-750 nm
and the spectral reflectance varied considerably in the near infrared
range of 750-1075 nm. In order to reduce the influence of
baseline shift and offset caused by scattering, the denoised spectral
reflectance was processed by MSC. The corrected spectral curves
are shown in Figure 6. The results showed that the baseline shift
and offset of each spectral curve were corrected.

0.7

0.6

Reflectance

f . . | . | |
400 500 600 700 800 900 1000
Wavelength/nm

Figure 6 Spectral after MSC

3.4 Sensitive wavebands determination

After the data sets division by SPXY, 60 samples were used as
modeling set and 20 samples were used as verification set. The
statistical results of chlorophyll content in each data set are shown
in Table 3.

Table 3 Statistical results of divided data set

Num Max Min Mean Std

All data 80 51.66 35.66 42.93 3.16
Modeling 60 51.66 35.66 42.96 3.23
Verification 20 48.87 37.30 42.85 3.03

The operation of selecting sensitive wavebands was conducted
on the modeling set. The spectral reflectance of samples in
modeling set from 325 nm to 1075 nm was analyzed by using IPLS
with the window width of 25. A total of 30 windows were
obtained. A PLS model for predicting chlorophyll content was
established by using all the wavebands in each window. The
performance of each model was evaluated by RMSE. The RMSE
for this series of 30 models were shown in Figure 7. The
statistical results of RMSE for each window are shown in Table 4.

4.0
# Unselected
O Selected ’.
*
35}F * * *
* oo *
*e
m * .. *
wn
s 30 & -
(4 L 4 * *
° * .
m} O
25+ e
m}
O
1 1 1 1 1 1 1 1 ]

2.0 L
325 400 475 550 625 700 775 850 92510001075
Wavelength/nm

Figure 7 Selected Wavelengths by IPLS

Table 4 Statistical result of RMSE for each window
Max Min

Mean Std

3.78 2.31 3.09 0.38

The five spectral ranges whose RMSE (2.31, 2.44, 2.57, 2.60,
2.61 respectively) were smaller than others (shown as “[]” in
Figure 7). After consecutive ranges merged, the finally obtained
spectral ranges were: 525-549 nm, 675-749 nm and 850-874 nm.

According to the spectral response characteristics of green
plants?”), the range of 525-549 nm was in the strong reflectance
region of chlorophyll. The range of 675-749 nm was red-edge
range influenced by absorption of chlorophyll, which is easily
moved by the changes of near infrared reflectance. Although the
absorption of chlorophyll in near infrared band was not as much as
in visible band, the 850-874 nm range is in the region of high
reflectance platform which is the significant characteristic of
vegetation. It was indicated that the selected bands could be used
to estimate the chlorophyll content.

3.5 Chlorophyll content prediction modeling by SVR

Although the selected bands presented the spectral properties
of vegetation, there might be some nonlinear relationship between
chlorophyll content and the selected sensitive wavebands especially
in 850-874 nm. SVR modeling method is based on the
minimization principle of structural risk, which shows many
advantages in solving pattern recognition such problems as small
sample set, non-linear, high dimensional pattern and local
minimum values. Thus, it was determined to be used to establish
the chlorophyll content prediction model.

A SVR prediction model of chlorophyll content was
established by using all the sensitive wavebands in the ranges of
525-549 nm, 675-749 nm and 850-874 nm selected by IPLS. The
SVR model is shown in Figure 8. The calibration R;? of the
model reached to 0.831 and the RMSEC was 1.3852 mg/L; the
validation R, reached to 0.809, the RMSEP was 0.8664 mg/L.

55
0 R=0.831
2 50F  R=0.809
=
5
E
E 45+ o
Z.
) o4
=]
5 40}
5 O Modelling
3 e
3 351 A Veriffication
2
2
[-¥)
30 1 1 1 1 1
30 35 40 45 50 55

Measured chlorophyll content/mg-L"'

Figure 8 SVR Model for predicting chlorophyll content
4 Conclusions

This research aimed to rapidly and non-destructively estimate
the chlorophyll content of maize using spectroscope. Firstly, the
spectral reflectance and chlorophyll content of canopy were
measured. Then, the spectral signals were denoised and corrected,
and the sensitive spectral ranges were selected. Finally, a SVR
model for predicting estimating chlorophyll content was
established. The main conclusions are as follows:

(1) Sym6 wavelet function and the 5th level wavelet
decomposition were chosen for denoising the original spectral data
based on SNR and CS evaluation. The baseline translation and
offset were eliminated by MSC method.
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(2) The three spectral ranges including 525-549 nm, 675-
749 nm and 850-874 nm were selected for chlorophyll content
predicting by IPLS based on the RMSE evaluation.

(3) A SVR model for predicting chlorophyll content was
established. The calibration R of the SVR model reached to
0.831, the RMSEC was 1.3852 mg/L, and the validation R,2
reached to 0.809, the RMSEP was 0.8664 mg/L. The results
indicated that the SVR model could be used to estimation the
chlorophyll content of maize canopy in the field.
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