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To identify plant electrical signals effectively, a new feature extraction method based on multiwavelet entropy and principal
component analysis is proposed. The wavelet energy entropy, wavelet singular entropy, and the wavelet variance entropy of plants’
electrical signals are extracted by a wavelet transformation to construct the combined features. Principal component analysis (PCA)
is applied to treat the constructed features and eliminate redundant information among those features and extract features which
can reflect signal type. Finally, the classification method of BP neural network is used to classify the obtained feature vectors.
The experimental results show that this method can acquire comparatively high recognition rate, which proposed a new efficient
solution for the identification of plant electrical signals.

1. Introduction
The plant electrical signal is a kind of physiological signal
relating to plants’ physiological process and their internal
information transmission which is a kind of stress response
of plants to environmental changes. Electrical signals can
not only transmit remote information from point to point
on a plant rapidly, but also respond to external stimuli such
as light, temperature, burn, and salt sensitively; even these
changes take place much earlier than other kinds of physiological and morphological changes usually [1, 2]. Through the
research of plant electrical signals, the information expressed
by plants in the natural world is deciphered by human
beings. Therefore, an automatic adoptive control system
conducted by plant electrical signals is established, which
realizes the automatic production controlling system based
on the concept of energy-saving and emission-reducing when
manufacturing crops and vegetables [3].
With hundreds of years of studying plants’ electrical signals, researchers have developed a set of plant signal models
and physiological effects relating to this, from the stage where

they can only identify the existence of those signals [4].
However, relevant research of this field has not been deeply
engaged by domestic and foreign scholars yet. Basic features
of plants’ electrical signals and their spectral distribution still
remain uncertain. Recently, wavelet transformation is widely
applied in the research of faint electrical signals such as EEG,
ECG, and EMG, but it was seldom introduced to study plants’
electrical signals.
As the good time-frequency localization characteristic
wavelet transformation is acquired, it is very suitable for
nonstationary and time-varying signal analysis; all varieties
of wavelet entropy based on this feature are the combination
of wavelet transform and the information entropy principle
[5]. Wavelet transformation combines the unique advantages
in processing irregular signal and the statistical characteristics of figuring the complexity of information entropy. So
the wavelet entropy has unique advantages in nonstationary
and time-varying signal feature extraction. Although feature
information of signal will be more adequate as the feature
index increases, the complexity and difficulty of analysis may
also be enhanced. In fact, there is a certain information
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Figure 1: Schematic diagram of experimental device.

correlation between different characteristic indexes of a same
signal. In order to solve the related problems owing to the
increase of information indexes, less independent index will
be applied to reflect the information of the original index.
We can use the principal component analysis (PCA) as the
treatment. The principal component analysis method is used
to reduce the number of the original number of evaluation
indicators into a small number of comprehensive indicators
(principal component), using the idea of dimension reduction. The indexes that are not related to each other can retain
the majority of information in the original index, simplifying
the complexity of the problem and achieving good results in
the process of solving many practical problems. Therefore, the
identification of plant electrical signals is proposed, based on
the advantages of these two methods.
In this article, the concept of signal wavelet is decomposed and wavelet coefficients are reconstructed first, while
transforming the original signal to a number of subsignals
that have equal length and contain different frequency; then
we extract wavelet energy entropy, wavelet singular entropy,
and wavelet variance entropy of each subsignal to construct
as the plant electrical feature; then the dimension reduction
idea of principal component analysis (PCA) is used to treat a
plenty of original data with dimension reduction, eliminating
redundant information among features and obtaining a small
number of comprehensive principal component indexes
independent of each other; finally, identification of plant
signal is realized by adopting the method of BP neural
network.

2. Materials and Methods
2.1. Material and Osmotic Stress. Maize seeds (Zhengdan
985) were provided by the Agricultural Seed Market of
Henan. The seeds were germinated on wet filter paper in
an incubator where a constant temperature of 30∘ C can be
maintained. Once the seeds have germinated, they would be
transplanted into a pot filled with soil. The soil contained

some essential nutrients to supply the growth of plants; it
was composed of 50% peat, 35% clay, and 15% humus (pH
6.0) and grown under a light intensity of 60𝜇mol m−2 s−1
provided by mercury halide lamps in a 14/10 h light/dark
period, at a watering cycle of 3 days with 1% KH2 PO4 solution.
To apply osmotic stress, 15% PEG6000 was introduced to
solve this problem when the maize plants were at the 4-leaf
stage. The electrical signals of maize leaves were measured
after various periods of sampling under osmotic stress. Corn
which grew in a normal condition is set as a comparing
group. The leaf relative water content will be measured, and
the corresponding electrical signals will be collected when a
mild stress, moderate stress, and severe stress are imposed,
respectively. About 10 groups of data will be collected in each
case.
2.2. Measuring Instrument. A new biological function experiment system (designed by Henan University of Technology,
the integrated circuit Laboratory [6]) is introduced to measure electrical signals. The input impedance is 400 MΩ, and
every input channel is photo-electrically isolated to decrease
outside interference. The equivalent input noise voltage of
the instrument was less than 1𝜇V. The measuring system is
shown in Figure 1. The constant temperature control system,
shielding box, and measuring instrument were connected to
each other. The sampling frequency of the system and the
frequency of the low-pass filter were 5 kHz and 400 Hz,
respectively, and the frequency of the high-pass filter was
0.053 Hz. The unit of electrical potential energy is 1𝜇V and the
unit of time is seconds. During the sampling, the temperature
of the environment was 20∘ C while the humidity was 40–50%.
The electrode was a high-sensitivity silver AMBU ECG
electrode. Before the experiment, the results of a test about
the electrodes showed that the system can detect signals
between 0 and 50Hz, while the fluctuations were less than
0.5%, which demonstrated the high electrode stability that
this system acquires. To measure the plant electrical signal,
the A electrode was placed on the front surface of the leaf
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and the B electrode on the back (leaf length, 25 cm; leaf
width, 2 cm). The distance between two electrodes was 15
cm. The C electrode was connected to the copper sheet,
which was covered by the soil. The measuring electrode
was connected to the signal measurement system, and the
electrical signal was monitored and recorded by a computer.
The environment temperature was regulated by the constant
temperature controller [7].
Signal recognition is the differential of the related information of signals, such as the fact that test corn leaves
electrical signal were collected at different drought stress.
The identified signals are often the same kind of signals.
The same kind of signals acquires different information
due to different environments or man-made factors; the
information of signal only represents a small percentage of
all information, but it is the difference between categories
of main information signal characteristics. With this idea,
the paper is determined to find a suitable method to extract
the characteristic of the category information, and we mark
the reflected characteristics of the main information of the
signal as similar characteristics, while those subtle but being
hard to extract features are marked as category. In this paper,
the study of the plant electrical signal feature extraction
originates from this concept, and the work is divided into
two parts: The first step is to find characteristics of the signal
information that are clearly presented. The second step is
extracting new features based on the first step. The proportion
of each attribute characterization of information is different,
and the category information characteristics are obtained.

3. Feature Extraction of Plant Electrical
Signals Based on Multiwavelet Entropy
In the information theory, entropy is a description that
describes the degree of uncertainty in the system. If a signal
source is treated as a material system, the randomness and
uncertainty the signal source will be greater if the output
information expands, and the entropy will also be as great as
the disorder. This is the reason why the information entropy
is regarded as the measurement of system disorder degree
[8]. If the coefficient matrix of wavelet transformation is
processed as a probability distribution sequence, the sparsity
degree of coefficient matrix will be reflected by entropy value
obtained from probability distribution sequence, that is, the
order degree of signal probability distribution. Nevertheless,
the probability distribution to random distribution of signals
will be closer since the entropy value is greater [9].
3.1. Definition of Three Kinds of Wavelet Entropy
3.1.1. Wavelet Energy Entropy. Wavelet energy entropy is a
statistic analysis that analyzes the energy distribution of
analyzed signal on each frequency band, using the scale
coefficient of wavelet transformation as a benchmark to
divide the signal energy. Finally, a quantitative entropy value
reflects the distribution complexity of signal energy.
𝐸 = 𝐸1 , 𝐸2 , . . . , 𝐸𝑚 is supposed as wavelet energy
spectrum of signal 𝑥(𝑡) on 𝑚 scales; thus a division of signal
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energy is formed on 𝐸 scale domain. According to the feature
of orthogonal wavelet, the sum power 𝐸 in a time window
is equal to the sum of every component power 𝐸𝑗 . Suppose
𝑝 = 𝐸𝑗 /𝐸 (𝑗 = 1, 2, . . . , 𝑚); then ∑ 𝑝𝑗 = 1. Therefore, define
wavelet energy entropy as
𝑚

𝑊𝑒 = − ∑ 𝑝𝑗 ln (𝑝𝑗 )
𝑗=1

(1)

𝑝𝑗 ln(𝑝𝑗 ) = 0 when 𝑝𝑗 = 0.
3.1.2. Wavelet Singular Entropy. The theory of singularity
value decomposition can easily extract the fundamental
modal feature of analyzed matrix. Wavelet singular entropy
adopts the advantages of SVD theory to extract analyzed
signal’s wavelet transformation coefficient matrix feature,
reflecting the time domain distribution feature of analyzed
signal.
Suppose that signal’s wavelet decomposition in the scale
𝑗 (𝑗 = 1, 2, . . . , 𝑚) is 𝐷𝑗(𝑛) ; thus the decomposition in 𝑚
scales can constitute an 𝑚 × 𝑛 matrix 𝐷. According to SVD
theory, for an 𝑚 × 𝑛 matrix 𝐷, there must exist an 𝑚 × 𝑙
dimensional matrix 𝑈, an 𝑙 × 𝑛 dimensional matrix 𝑉, and
an 𝑙 × 𝑙 dimensional matrix Λ, decomposing matrix 𝐷 as
𝑇
𝐷𝑚×𝑛 = 𝑈𝑚×𝑙 Λ 𝑙×𝑙 𝑉𝑙×𝑛

(2)

where diagonal matrix Λ‘s main diagonal element 𝜆 𝑖 (𝑖 =
1, 2, . . . , 𝑙) is not negative and in descending order, that is,
𝜆 1 ≥ 𝜆 2 ≥ ⋅ ⋅ ⋅ ≥ 𝜆 𝑙 ≥ 0. These diagonal elements
are singular value of wavelet transformation result 𝐷𝑚×𝑛 .
When the signals have no noise or high signal-to-noise
ratio, according to signal’s singular decomposition theory,
their main diagonal singular value will be only a small
number but not zero. The signal wavelet decomposition result
matrix’s singular value also meets similar rules. The less the
signal’s frequency component, the less the number of wavelet
decomposition result’s singular value that is not zero. In order
to quantify the feature of signal’s frequency component and
distribution feature, wavelet singular entropy is defined as
𝑘

𝑊𝑠 = ∑ Δ𝑝𝑖

(3)

𝑖=1

where Δ𝑝𝑖 is 𝑗th incremental wavelet singular entropy.
𝜆
𝜆
Δ𝑝𝑖 = − [ 𝑙 𝑖 ] log [ 𝑙 𝑖 ]
∑ 𝜆
∑ 𝜆
[ 𝑗=1 𝑗 ]
[ 𝑗=1 𝑗 ]

(4)

Treating wavelet transformation result matrix with singular value decomposition is equivalent to mapping wavelet
space associated with each other to linearly independent
feature space. Wavelet singular entropy can discriminate signals with different time domain distribution in a quantifiable
way. The greater the signal’s complexity and uncertainty, the
greater the value of quantify wavelet singular entropy.
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3.1.3. Wavelet Variance Entropy. For a variance spectrum
{𝑝𝑤 (𝑗) = (1/𝑁)‖𝑊𝑗 ‖2 }, 𝑗 = 1, 2, ⋅ ⋅ ⋅ 𝑚, obtained from a
given signal’s wavelet decomposition, among which 𝑊𝑗 is
wavelet coefficient’s variance spectrum under 𝑗 scale. Wavelet
variance entropy is defined as follows:
𝑚

𝑊V = − ∑𝑝𝑗 ln (𝑝𝑗 )
𝑗=1

(5)

where 𝑝𝑗 = 𝑝𝑤 (𝑗)/ ∑𝑗 𝑝𝑤 (𝑗) indicates the variance probability under 𝑗 scale.
3.2. The Feature Extraction Method of Multiple Wavelet
Entropy. Different wavelet entropy reflects signal’s distribution statistic feature from different angles. Due to the existence of uncertainty and incompleteness of feature information, especially when the case of error or loss of information
occurs during the procession of signal transmission, not
every kind of wavelet entropy can completely reflect signal’s
time-domain feature. Aiming at different types of signals,
different kinds of wavelet entropy algorithms have different
advantages and features. If we extract, classify, and identify
plant electrical signals with single wavelet entropy, it would
be hard to deal with signal’s uncertainty and changeability
interference, which cannot guarantee rightness and reliability
of classification. As is shown below, a given signal constructs
multiple wavelet entropy feature vectors; detailed steps are as
follows.
Step 1. Deal signal 𝑥(𝑛) with two-layer wavelet decomposition. Two high-frequency coefficient cd1, cd2 and second
layer low-frequency coefficient ca2 are extracted, respectively.
Step 2. Reconstruct wavelet decomposition coefficient and
extract signals among every frequency range. 𝑋𝑖 (𝑖 = 1, 2, 3)
is used, respectively, to indicate reconstruction signal of cd1,
cd2, and cd3. Therefore, entire reconstruction signal 𝑋 in
two-layer wavelet decomposition can be described as
𝑋 = 𝑋1 + 𝑋2 + 𝑋3

(6)

Step 3. Calculate wavelet energy entropy, wavelet variance
entropy, and wavelet singular entropy of each reconstruction
signal. 𝑊𝑒 (𝑖), 𝑊𝑠 (𝑖), and 𝑊V (𝑖) are used, respectively, to
indicate wavelet energy entropy, wavelet singular entropy, and
wavelet variance entropy, among which 𝑖 = 1, 2, 3.
Step 4. Reconstruction feature vector: all three wavelet
entropy values are expressed in scientific notation. Extract
their effective numbers to construct multiple wavelet
entropy’s feature vector 𝑇, which is shown as follows:
𝑇 = [𝑊𝑒1 , 𝑊𝑒2 , 𝑊𝑒3 , 𝑊𝑠1 , 𝑊𝑠2 , 𝑊𝑠3 , 𝑊V1 , 𝑊V2 , 𝑊V3 ]

(7)

In this article, db5 wavelet that has compact support
and orthogonality is used to treat corn electrical signal with
wavelet decomposition, adopting kinds of discussed wavelet
entropy extraction algorithm to construct feature vector.
This kind of feature vector combines with different entropy’s
features, thus describing the original signal’s information
content in a comprehensive way.

4. Principal Component Analysis of Multiple
Wavelet Entropy Feature
Principal component analysis is not only a statistic analysis
method, but also a data compression and feature information
extraction method. It will concentrate information which
disperses in a set of variables to a few comprehensive
indexes (principal component) independent of each other.
Every principal component is linear combination of original
variables. Every principal component is in an orthogonal
relationship with each other, in order to achieve data dimension reduction and redundant information elimination. Set
the original sample data of 10×9 matrix of the multiwavelet
entropy feature of the corn in good growing condition as an
example. The theory of using principal component analysis to
realize data compression and principal component extraction
is shown as follows [10].
Step 1. Data standardization process: suppose that the original
sample data matrix of the multiwavelet entropy feature of the
corn in normal growing condition is 𝑋 = (𝑥(𝑖, 𝑗))10×9 , among
which 𝑖 = 1, 2, . . . , 10, 𝑗 = 1, 2, ⋅ ⋅ ⋅ 9, and 𝑥(𝑖, 𝑗) is the signal’s
jth feature index.
The expression of data standardization process is
𝑥 ∗ (𝑖, 𝑗) =

𝑥 (𝑖, 𝑗) − 𝑥𝑗
𝑠𝑗

(8)

where 𝑥𝑗 is sample mean and 𝑆𝑗 is sample standard deviation.
Their calculation expressions are as follows:
𝑥𝑗 =

1 10
∑𝑥
10 𝑖=1 (𝑖,𝑗)

𝑆2𝑗 =

2
1 10
∑ (𝑥(𝑖,𝑗) − 𝑥𝑗 )
10 − 1 𝑖=1

(9)

(10)

After standard treatment, the normalized matrix 𝑋∗ is
obtained.
Step 2. Calculate correlation coefficient matrix. Calculate the
correlation coefficient matrix 𝑅 = (𝑟(𝑖,𝑗) )9×9 of normalized
matrix 𝑋∗ . The calculation expression of 𝑟(𝑖,𝑗) is
𝑟(𝑖,𝑗) =

1 10 ∗
∑ 𝑥 × 𝑥∗(𝑗,𝑘)
10 − 1 𝑘=1 (𝑖,𝑘)

(11)

Step 3. Calculate the feature value and corresponding feature
vector of correlation coefficient matrix. Let |𝑅 − 𝜆𝐼| = 0 and
9 nonnegative feature value 𝜆 𝑖 can be calculated. They are the
variance of principal component. The feature value is sorted
by descending order. The corresponding feature vector is set
as 𝑙1 , 𝑙2 , . . . , 𝑙9 ; thus the 𝑖th principal component expression of
original sample data is
𝑦𝑖 = 𝑥(𝑖,𝑗) 𝑙𝑖 = 𝑙𝑖 𝑥(𝑖,1) + 𝑙𝑖 𝑥(𝑖,2) + ⋅ ⋅ ⋅ 𝑙𝑖 𝑥(𝑖,9)

(12)

Step 4. Determine the number of principal components. The
principle of selected subordinate component is as follows:
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Figure 2: Time domain waveform of electrical signal of maize leaf under osmotic stress: (a) the normal growing condition; (b) the mild
drought stress; (c) the moderate drought stress; (d) the severe drought stress.

original sample date 𝑋 corresponds to feature value 𝜆 𝑖
𝑝
and accumulated contribution rate 𝑎 = ∑𝑖=1 𝜆𝑖/ ∑9𝑗=1 𝜆 𝑗
of 𝑝 principal component is over 85%, indicating this 𝑝 is
the principal component representing the similar feature of
original signal. Select the rest 9-𝑝 subordinate component as
the category feature of identification signal.

the mild drought stress, the moderate drought stress, and the
severe drought stress.

5. Results and Discussion

5.2. Power Spectrum Analysis of Electrical Signal in Leaf
of Maize. Fast Fourier transform was used to analyze the
spectrum of the electrical signal in maize leaves. The power
spectrum distributions at various intervals under osmotic
stress are shown in Figure 3.

5.1. Time Domain Characteristics of Electrical Signal in Maize
Leaf under Osmotic Stress. Plant electrical signals are very
weak and are easily masked by background noise. Although
the measuring instrument and the shield method used in
this study can reduce external interference, there is still
some background noise. To obtain the most accurate power
spectrum of signals in maize leaves, we used a wavelet
transform method to denoise the original signal. The time
domain waveform of the electrical signal in maize leaf is
shown in Figures 2(a), 2(b), 2(c), and 2(d). This waveform
was decomposed through a db5 wavelet at seven scales, soft
threshold denoised, and reconstructed. The electrical signals
were sampled separately at the normal growing condition,

5.3. Feature Vector. The original sample date of multiwavelet
entropy of corn electrical signal under 4 conditions is 10 × 9
matrix, whose feature values are shown in Tables 1, 2, 3, and
4.
As it can be seen from calculation of each table, the
accumulated contribution rate of first three principals in
normal growing condition group is 85.38% when 𝑝 = 3, the
accumulated contribution rate of first three principals in mild
drought stress group is 98.02%, the accumulated contribution
rate of first three principals in moderate drought stress group
is 87.03%, and the accumulated contribution rate of first three
principals in severe drought stress group is 96.38%. Therefore,
select the last six components as category feature in this
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Table 1: The multiwavelet entropy of corn’s multiwavelet entropy of the normal growing condition group.

Number
1
2
3
4
5
6
7
8
9
10

Feature vector
[0.4504 0.2623 1.9865 0.0639 0.9014 1.1977 0.7069 0.8781 4.4302]
[0.1344 1.8661 0.3713 0.4135 0.6256 1.1551 0.3916 1.0098 4.4533]
[0.0200 0.0686 0.3567 0.0395 0.0496 1.0857 0.2959 0.5205 4.2515]
[0.0286 0.0372 0.2614 0.4518 0.7203 1.2063 0.3977 0.5333 4.7651]
[0.2785 0.2078 0.5420 0.4944 0.5898 1.1261 0.5166 0.5986 3.7725]
[0.0695 0.0492 6.9059 0.0639 0.9014 1.1977 0.7069 0.8781 4.4302]
[0.0401 0.0522 6.2050 0.4135 0.6256 1.1551 0.3916 1.0098 4.4533]
[0.0235 0.0888 6.8986 0.0395 0.0496 1.0857 0.2959 0.5205 4.2515]
[0.0175 0.1005 3.9156 0.4518 0.7203 1.2063 0.3977 0.5333 4.7651]
[0.0013 0.0039 0.6969 0.4944 0.5898 1.1261 0.5166 0.5986 3.7725]
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Figure 3: Power spectrum distribution of electrical signals in maize leaf under osmotic stress. (a) The normal growing condition; (b) the
mild drought stress; (c) the moderate drought stress; (d) the severe drought stress.

paper and construct feature vector 𝐽 = [𝑦4 , 𝑦5 , 𝑦6 , 𝑦7 , 𝑦8 , 𝑦9 ].
Not only treat the original multiwavelet entropy feature 𝑇
with dimension reduction, but also eliminate the redundant
information among feature.
Four groups of multiwavelet entropy of corn electrical
signal are taken into expression (12) to calculate category
feature. The specific calculation process is omitted here.
Finally, the category feature can be seen in Tables 5, 6, 7, and
8.

5.4. Classification of Feature Value by BP Neural Network.
Feature extraction is that multiwavelet entropy of plant
electric signal is constructed as feature vector, through principal component analysis to get a few independent principal
component indexes and extract the important information which has classification significance. However, classifier
design is aimed at making feature vector fall into different
categories and use it realize the automatic identification of
signals.
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Table 2: The feature vector of corn’s multiwavelet entropy of the mild drought stress group.

Number
1
2
3
4
5
6
7
8
9
10

Feature vector
[0.0066 0.0182 0.8879 0.4729 0.5152 1.1317 0.3795 0.5495 5.5913]
[0.0103 0.0214 1.0049 0.5429 0.5447 1.1233 0.4356 0.5781 5.8065]
[0.0069 0.0178 1.0405 0.2141 0.1673 1.0835 0.3768 0.5140 5.9149]
[0.0155 0.0133 0.4553 0.1363 0.4315 1.1233 0.4636 0.4905 4.9511]
[0.0056 0.0119 0.8037 0.2617 0.3322 1.0557 0.3479 0.4650 6.1319]
[0.1398 0.1278 1.1522 0.1935 0.2388 1.1008 1.1540 1.1352 6.2137]
[0.1211 0.1288 1.1065 0.2428 0.3004 1.1009 1.1561 1.2566 5.6836]
[0.0728 0.1377 1.3881 0.2722 0.3040 1.1088 1.0463 1.2996 6.0699]
[0.1459 0.2179 1.0161 0.0993 0.1579 1.1164 1.3844 1.6244 5.2202]
[0.1812 0.2064 1.8292 0.3030 0.2560 1.1161 1.5261 1.5889 5.8679]
Table 3: The feature vector of corn’s multiwavelet entropy of the moderate drought stress group.

Number
1
2
3
4
5
6
7
8
9
10

Feature vector
[0.0323 0.0670 6.0548 0.3542 0.3943 1.0624 0.716 0.988 8.540 ]
[0.0362 0.1102 7.9921 0.2439 0.3852 1.1105 0.753 1.184 8.599 ]
[0.0391 0.1358 9.8511 0.2810 0.3715 1.0656 0.773 1.296 14.130]
[0.0280 0.1240 7.6080 0.2607 0.2762 1.0551 0.663 1.200 9713 ]
[0.0325 0.0761 6.1909 0.4026 0.2954 1.0706 0.717 1.030 11.557]
[0.1232 0.2469 3.5261 0.3934 0.3839 1.0845 1.115 1.702 7.496 ]
[0.0657 0.1520 2.8382 0.1886 0.3792 1.1150 0.970 1.398 8.912 ]
[0.0507 0.1537 2.5537 0.4131 0.3762 1.1332 0.866 1.399 8.378 ]
[0.1723 0.6908 6.7757 0.1140 0.2659 1.1003 1.286 2.282 10.034]
[0.2628 0.4644 2.6621 0.0750 0.1292 1.1121 1.548 1948 6.890]
Table 4: The feature vector of corn’s multiwavelet entropy of the severe drought stress group.

Number
1
2
3
4
5
6
7
8
9
10

Feature vector
[0.00068 0.00121 0.09963 0.3827 0.4543 1.1296 0.1317 0.1737 3.6407]
[0.00087 0.00213 0.20421 0.3244 0.3601 1.1162 0.1438 0.2004 4.3608]
[0.00120 0.00223 0.21067 0.4373 0.1843 1.0999 0.1552 0.2217 4.6099]
[0.00075 0.00189 0.26463 0.2004 0.0688 1.0766 0.1291 0.1990 5.1486]
[0.00063 0.00129 0.26145 0.1408 0.1050 1.0300 0.1023 0.1480 5.1196]
[0.00063 0.00200 0.19699 0.4156 0.5291 1.1055 0.1550 0.2371 4.1701]
[0.00055 0.00265 0.19980 0.2322 0.1798 1.0858 0.1485 0.2509 4.1470]
[0.00073 0.00229 0.22297 0.4169 0.2411 1.1071 0.1631 0.2480 4.8835]
[0.00066 0.00244 0.20201 0.2120 0.3552 1.1226 0.1583 0.2373 4.0665]
[0.00068 0.00121 0.09963 0.3827 0.4543 1.1296 0.1317 0.1737 3.6407]
Table 5: The category feature of multiwavelet entropy of the normal growing condition group.

number
1
2
3
4
5
6
7
8
9
10

𝑦4
-0.2812
-0.2794
0.2295
-1.3926
-1.0738
-0.3667
-0.5042
0.5475
-0.8971
1.8073

𝑦5
-0.8892
-0.7743
-0.9332
-0.2681
-0.2396
-0.1592
-0.2346
-0.8620
-0.8595
1.3733

𝑦6
0.0426
-0.0345
-0.1047
0.0208
0.2120
-0.4541
-0.0207
0.0654
0.2648
0.2552

𝑦7
-0.0577
-0.0013
-0.0625
0.1096
-0.0980
0.1472
-0.4478
-0.0250
0.1679
0.1580

𝑦8
-0.0938
-0.0746
-0.0756
-0.2003
0.0868
-0.0194
-0.1281
-0.0579
-0.0774
0.0392

𝑦9
-0.4399
-0.4392
-0.4615
-0.4198
-0.4322
-0.4456
-0.4506
-0.4015
-0.4676
-0.4297
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Table 6: The category feature of multiwavelet entropy of the mild drought stress group.

number
1
2
3
4
5
6
7
8
9
10

𝑦4
-0.2863
0.0866
-0.2630
-0.4307
-0.4011
0.0366
-0.0657
-0.2298
-0.3487
-0.3349

𝑦5
-0.1324
-0.3911
0.0064
-0.4297
-0.3872
-0.2714
-0.1786
-0.1403
-0.0889
-0.3828

𝑦6
-0.3372
-0.5060
-0.3462
-0.2906
-0.4298
-0.2837
-0.2772
-0.3610
-0.5159
-0.3315

𝑦7
-0.0581
-0.1182
-0.0718
-0.1373
-0.0396
-0.0329
-0.0655
-0.2325
-0.0504
-0.0537

𝑦8
-0.4100
-0.4214
-0.4266
-0.4320
-0.3356
-0.4122
-0.3552
-0.3782
-0.4168
-0.4353

𝑦9
0.0560
0.0496
0.0518
0.0521
0.0587
0.0680
0.0413
0.0601
0.0549
0.0507

Table 7: The category feature of multiwavelet entropy of the moderate drought stress group.
number
1
2
3
4
5
6
7
8
9
10

𝑦4
0.9414
0.3360
0.6969
1.0683
0.6588
-0.5759
-0.5079
-0.5131
0.3912
0.5646

𝑦5
0.6474
-0.1557
0.4995
0.0847
0.7405
0.7748
-0.0462
0.5449
0.5855
0.4422

𝑦6
0.2574
-0.2745
-0.4853
-0.2928
-0.6613
-0.1728
-0.0469
-0.4015
0.2801
-0.2028

𝑦7
-0.4190
-0.2965
-0.4738
-0.3047
-0.4388
-0.1996
-0.5216
-0.4714
-0.4311
-0.3969

𝑦8
0.3745
0.3195
0.4105
0.3920
0.4190
0.4344
0.4746
0.2604
0.3504
0.3800

𝑦9
0.2405
0.2357
0.2498
0.2459
0.2314
0.2428
0.2400
0.2438
0.2390
0.2410

Table 8: The category feature of multiwavelet entropy of the severe drought stress group.
number
1
2
3
4
5
6
7
8
9
10

𝑦4
-0.0270
-0.5460
0.4023
-0.0346
-0.0130
-0.3268
-0.1094
0.1391
-0.3049
0.0512

𝑦5
0.4450
0.6614
0.4779
0.3827
0.2228
0.1186
0.5213
0.5472
0.4655
0.4925

𝑦6
-0.1020
-0.0286
-0.1013
-0.1615
-0.0203
-0.1151
-0.2182
-0.0945
-0.1590
-0.0262

In practical applications, the number of nodes input
layers in the network should be determined according to
the dimensions of the input data, and the number of nodes
output layers in the network is according to the design of
the classifier requirement in general. If the network is used
as classifier, the number of node output layers should be
to classification categories. The number of hidden layers
can use one, two, or more hidden layers to construct the
network structure. The more hidden layers of network, the
stronger the mapping function, but the training time is very
long. Number of hidden layer nodes selected is too little,
the network will not have enough freedom to better fit the

𝑦7
-0.0116
-0.0113
0.0053
0.0096
-0.0410
-0.0051
-0.0330
-0.0455
-0.0022
0.0150

𝑦8
0.0866
0.0848
0.1001
0.0730
0.0971
0.0781
0.0792
0.0780
0.1151
0.0757

𝑦9
-0.0099
-0.0098
-0.0079
-0.0169
-0.0069
-0.0099
0.0006
-0.0187
-0.0129
-0.0040

training data, the network is not strong or not training to
come out, and then it cannot even identify samples that
have not been met before, where fault tolerance is poor. If
the number of hidden layer nodes is too high, the network
training time is too long, and the error is not necessarily the
best. In general, it can only rely on experience and test to
determine the number of hidden layer nodes.
BP network is a kind of multilayer network of forward
propagation. Apart from having input layer and output
layer, it also has one or more hidden layers. A 3-layer
BP neural network can be done for any n-dimensional to
m-dimensional mapping [2, 11–16] . The network training

Complexity
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Table 9: The experimental result of BP neural network.

Signal type
normal growing group mild drought stress group moderate drought stress group severe drought stress group Average value
Identification rate
83.3%
100%
91.67%
100%
93.75%

method is called the error backpropagation method. It makes
use of the minimum error between the actual output of the
network and the expected output (the target vector) to the
network’s multilayer connection weights and then after the
forward layer by layer correction. The method of successive
correction of the weight vector is called successive correction
method.
Four sets of feature vectors for each class of signals are
selected randomly in the experiment, which are taken into
BP neural network to process 20000 times learning, and the
error is close to 0.01, and the structure of selection is 3layer BP neural network 4-15-4. The transfer function of the
computing unit in the network is trained by the traingdm
type function. The results of the experiment are shown in
Table 9.
5.5. Analysis of Result. The proposed method is applied to
classify the electrical signals of maize leaves in four cases. It
could be seen that the recognition rate of the normal growing
group and the moderate drought stress group was lower than
that in the mild drought stress group and the severe drought
stress group. Similarly, it can be seen by the contribution rate
in the normal growth and moderate drought stress groups of
similar information contained in the class features compared
to the other two groups. So the category feature is not obvious,
and recognition rate is not as that of the two groups. In
general, the average recognition rate of the method is 93.75%,
and the recognition rate of it is not only higher than that of
just using multiwavelet entropy structure feature; recognition
rate is 83%. And the running efficiency of the program is fast,
more than half [17, 18].
When this method is classified in BP neural network, it
will be able to achieve the set target for each training 70008000 times. And when the feature of multiwavelet entropy
is identified, training 20000 times to achieve the set target
probability is only 90%. It can be seen that it is feasible
to use the multiwavelet entropy and principal component
analysis to identify the plant electrical signals. Multiwavelet
entropy can characterize the information contained in plants’
electrical signals. The principal component analysis can not
only reduce the dimension of feature vectors and remove
redundant information, but also get the classification features
of the plant signal, which makes the recognition rate of the
classifier greatly improved.
This method also has the advantages of practical application, and the common signal recognition method is the
identification of a single signal, but this method is to identify
a set of signal samples at the same time. In facility agriculture,
it is obviously inappropriate for the detection of a signal
to represent a regional crop. Therefore, a large number of
repeated experiments are required to calculate the features
of the regional crop. A regional crop signal is correlated; as

a result, the duplicate information was also tested in repeated
trials, and this does not conform to the principle of efficiency.
The method proposed in this paper solves this problem.
Not only can it identify the data samples of a region at the
same time, but also the principal component analysis has
removed the correlation between signals. In addition, it has
high recognition rate, which can make the early warning and
the diagnosis of the plant under the external environment
stress more effective.

6. Conclusion
In view of the recognition problems of weak, complex, and
strong random plant electrical signals, a signal feature extraction method based on multiwavelet entropy and principal
component analysis is proposed; the conclusions can be
drawn as follows.
(1) All kinds of wavelet entropy are organic combination
consisting of wavelet transformation, entropy principle, and
related theories; it is a blend of three unique advantages in
signal processing; thus it can extract and analyze the nonstationary signals effectively; fusion feature of wavelet entropy
can make a good characterization to all of information of
plant electrical signal.
(2) Make full use of wavelet transform and principal
component analysis. Wavelet transformation time-frequency
resolution features are used for signal refinement and signal
feature extraction in frequency. Using principal component
analysis can not only convert multiwavelet entropy feature
index to a handful of independent indexes while eliminating
redundant information among features, but also pass through
the contribution degree classifying main information and
secondary information of the signal. Therefore, we can obtain
the class feature, reduce the eigenvector dimensions, simplify
the classifier design, and improve the classifier recognition
rate.
(3) The proposed approach is used to recognize a variety
of conditions of corn leaf electrical signals, it obtains satisfactory results of this classification, and the experimental results
verify the feasibility and the validity of this method.
To sum up, more plants for more extensive research
shall be used in further study, while the application scope
of this method shall be broadened, and we should make
more sufficient data mining of plant electric signals to extract
the better feature parameters. Based on the above, we have
built a practical recognition system of plant electric signals
successfully.
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