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Abstract—Soil electrical conductivity is one of the indispens-
able and important parameters in fine agriculture management, 
and a suitable soil electrical conductivity can promote good plant 
growth. Prediction model of soil electrical conductivity is con-
structed to effectively obtain the conductivity values of soil, which 
can provide a reference basis for irrigation and fertilization man-
agement and prediction evaluation in fine agriculture. Prediction 
model of soil electrical conductivity based on extreme learning 
machine (ELM) optimized by bald eagle search (BES) algorithm is 
proposed in this paper. In the prediction model, the input weights 
and bias values of the ELM network were optimized using the BES 
algorithm, and the performance of the model was evaluated with 
parameters such as mean square error (MSE), coefficient of de-
termination (R2). Also, the correlations of parameters such as soil 
temperature, moisture content, pH, and water potential in the soil 
conductivity prediction model were determined using the explor-
atory data analysis (EDA) and HeatMap heat map tools. Finally, 
the proposed model was compared with back propagation neural 
network (BP), radial basis function networks (RBF), support vec-
tor machine (SVM), gated recurrent neural network (GRNN), long 
short-term memory (LSTM), particle swarm algorithm (PSO) op-
timization ELM, genetic algorithm (GA) optimized ELM predic-
tion model. The experimental results showed that MSE, R2 of the 
proposed model are 4.09 and 0.941, which are better than the other 
models. Also the results verified the effectiveness of the proposed 
method, which is a feasible prediction method to guide the irriga-
tion and fertilization management in fine agriculture, because of 
its good prediction effect on soil conductivity.

Index Terms—Soil electrical conductivity, prediction model, 
Machine learning, precision agriculture
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I. Introduction

The material exchange between plants and nature is done 
through the root system. The root system is an important 

source of water and nutrients for plants, and its growth state 
reflects the growth and development of plants [1]. There are 
many factors influencing root development, among which soil 
moisture content and soil conductivity are two more important 
factors. Proper soil moisture content and electrical conductivity 
can promote good plant growth. Too low or too high soil mois-
ture content can negatively affect the physiological activities 
of the root system [2]. The soil electrical conductivity directly 
reflects the salinity of the soil. High salinity in the soil will di-
rectly lead to the failure of the crop to grow and even lead to 
the death of the crop root system by dehydration. Soil electrical 
conductivity is an indispensable and important parameter for 
the study of precision agriculture, so it is important to construct 
a soil electrical conductivity prediction model to effectively ob-
tain the electrical conductivity values of soil for formulating 
and guiding the management of agricultural irrigation and fer-
tilization, and also to lay the foundation for the popularization 
of modern fine agriculture [3].

In recent years, the application of IoT technology and artifi-
cial intelligence technology in agriculture has become more and 
more common, and the research of prediction models of soil 
electrical conductivity in combination with sensor technology 
has become a hot spot. Cai et al. proposed a method of salt-ef-
fected soil information extraction based on a support vector 
machine with texture features, which can effectively extract in-
formation and classify saline soils [4]. Ghorbani et al. optimally 
developed a multilayer perceptron using a firefly algorithm to 
estimate EC values by combining some factors such as loam 
texture, cation exchange, and drainage [5]-[6]. Singh et al. im-
plemented five data-driven techniques and their wavelet forms 
to predict soil permeability [7]. Gao et al. predicted soil mois-
ture content and electrical conductivity in citrus orchards using 
IoT and LSTM [8]. Amirhosein Mosavi et al. constructed and 
evaluated a multilayer perceptron (MLP)-grey wolf hybrid ma-
chine learning model to analyze the correlation between electri-
cal conductivity and parameters of soil organic matter. Sahana 
Mehebub et al. used a salinity index assessment model derived 
from measured soil electrical conductivity and remote sensing 
data [9]. Zhao Hui et al. used partial least squares regression 
(PLSR) and support vector machine (SVM) to construct an es-
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timation model for hyperspectral data of soil electrical conduc-
tivity [10].

There is an upward trend in approaches to modeling rela-
tively complex input features, such as artificial neural network 
models (ANN), ELM models, and RBF models, which have an 
advantage in their ability to examine linear and nonlinear inter-
actions between input and output variables. Proper modeling in 
an attempt to find the hidden patterns of complex problems is 
essential for accurate prediction.

Although soil salinity is considered a well-recognized phe-
nomenon in irrigated agriculture, only a few researchers have 
developed data-driven salinity models and investigated the re-
lationship between them [11]. Moghadas et al. used a neural 
network-based forward solver for soil electrical conductivity 
imaging [12]. K.K. Benke, S et al. used machine learning to 
develop soil electrical conductivity and organic meandering 
functions for carbon content prediction [13]. The usefulness of 
such models is expected to play an important role in making 
fine agricultural management strategies.

The main objective of this study is to propose a prediction 
model of soil electrical conductivity. The model is based on 
joint use of extreme learning machine (ELM), which is an arti-
ficial neural network (ANN), and Bald Eagle search algorithm 
(BES), which is an iterative optimization algorithm with glob-
al search capability, which is expected to study the prediction 
of soil electrical conductivity based on parameters such as soil 
temperature and humidity, pH value, and soil moisture content. 
Finally, the prediction model is used for formulating and guid-
ing the management of agricultural irrigation and fertilization. 
The first chapter introduces soil electrical conductivity and the 
current status of its research; the second chapter describes the 
method of data acquisition; the third chapter is the construction 
of the soil electrical conductivity prediction model; the fourth 
chapter is the model evaluation results and analysis; and finally, 
the conclusion and discussion.

II. Materials and Methods

A. Soil Information Collection System
The soil information acquisition system is constructed, 

which is composed of sensor circuits, single-chip module cir-
cuits, wireless communication modules, and solar panel power 
supply circuits. The sensor circuit mainly includes soil tem-
perature, soil moisture content, soil electrical conductivity, 
pH value, and soil water potential sensor circuits, which are 
mainly responsible for real-time collection of tea garden soil 
information; the core of the single-chip module circuit is the 
STM32F103C8T6 single-chip microcomputer, which is main-
ly responsible for data processing; the wireless communication 
module is mainly composed of GPRS The module is mainly 
responsible for transmitting data to the remote server, which 
are shown in Fig. 1.

Fig. 1.  System structure diagram

B. Data Processing
The data collection experiment was conducted on the campus 

of South China Agricultural University in Guangzhou, Guang-
dong Province. Data was collected from October 5, 2020, to 
November 16, 2020. Parameters such as soil moisture content, 
soil electrical conductivity, and soil temperature were calcu-
lated for each interval of 1 h, 6 h, 12 h, and 24 h using the 
aggregated data package for that day. Because each environ-
mental parameter has a different order of magnitude, it needs to 
be normalized in the data preprocessing stage. After averaging 
the preprocessed data for each node, correlation analysis was 
performed for each environmental parameter with soil moisture 
and conductivity, respectively [8].

III. BES-ELM Models

A. Bald Eagle Search (BES) Algorithm
Bald eagle search (BES) algorithm is a new metaheuristic 

algorithm proposed by Malaysian scholar Alsattar in 2020, 
which has powerful global search capability and can effectively 
solve various complex numerical optimization problems. The 
main principle is to simulate the predatory behavior of the bald 
eagles and divide it into three phases: select stage, search stage, 
and swooping stage [14]-[15].

In the select stage, bald eagles randomly select the area to 
search food and then select the best area by judging the number 
of the preys. The position of the bald eagle is mainly deter-
mined by prior experience and position change parameters, as 
shown in:
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where a represents the position change control parameter that 
takes a value between 1.5 and 2, g  is a random number between 
0-1, Pbest represents when the bald eagle has the best search 
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position identified during their previous search, Pmean indicates 
that these eagles have used up all information from the previous 
points, and Pi is the position of the i-th bald eagle.

In the search stage, the bald eagle flies in a spiral shape to 
search for prey within the selected search space, and moves 
in different directions within the spiral space to speed up its 
search, and then finds the best dive capture position. At this 
time, the best position of the bald eagle is determined by the 
equations (2)-(5).
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	 (5)

where q (i) and r(i) represent the polar angle and polar diameter 
of the spiral equation, j is a parameter determining the corner 
between point search in the central point that takes a value be-
tween 5 and 10, and R is an parameter determining the number 
of search cycles that takes a value between 0.5 and 2, rand is a 
random number from 0-1, x(i) and y(i) indicate the position of 
the bald eagle in polar coordinates. 

In the swooping stage, the bald eagle quickly flies to the 
target prey from the best position in the search space, and other 
individuals in the population also move to the best position and 
attack the prey at the same time. At this time, the position of the 
vulture is calculated. 

 

)(, imeanbestnewi PPPP                      (1) 

 

       1,  iimeaniinewi PPiyPPixPP           (2) 
 

   
 xr
irix

max
x

         
 yr
iriy

max
y

                  (3) 

 

      iirixr sin             iiriyr cos      (4) 
 

    randRiir         randi            (5) 
 

       bestimeanibestnewi PcPiyPcPixPP  2111rand,      (6) 
 
   

 xr
irix1

max
x

       
 yr
iriy1

max
y

                      (7) 

 
      iirixr hsin        iiriyr hcos                    (8) 

 
     iirand   rai                     (9) 

 
  nT

iniii RxxxX  ,,, 21                               (10) 
 

  mT
iniii Rtttt  ,,, 21                               (11) 

 

  NjobXWg jiji

L

i
,,2,1

1
i 



                   (12) 

 

0
1j




N

jj to                     (13) 

 

  NjbXWg jiji

L

i
,,2,1t

1
i 



                (14) 

 

TH                           (15) 
 

  LTbTb iibWii ,,2,1i,WHmin,WH i,,i 





 




         (16) 

 

 
2

1 1
i 

 











N

j
jiji

L

i
tbXWgE                   (17) 

 
 

 



M

n
rp yyMSE

1

2

M
1                   (18) 

 

 
 










 M

n
r

M

n
rp

2

yy

yy
R

1

2

r

1

2

                   (19) 

 
 

 

           

 

)(, imeanbestnewi PPPP                      (1) 

 

       1,  iimeaniinewi PPiyPPixPP           (2) 
 

   
 xr
irix

max
x

         
 yr
iriy

max
y

                  (3) 

 

      iirixr sin             iiriyr cos      (4) 
 

    randRiir         randi            (5) 
 

       bestimeanibestnewi PcPiyPcPixPP  2111rand,      (6) 
 
   

 xr
irix1

max
x

       
 yr
iriy1

max
y

                      (7) 

 
      iirixr hsin        iiriyr hcos                    (8) 

 
     iirand   rai                     (9) 

 
  nT

iniii RxxxX  ,,, 21                               (10) 
 

  mT
iniii Rtttt  ,,, 21                               (11) 

 

  NjobXWg jiji

L

i
,,2,1

1
i 



                   (12) 

 

0
1j




N

jj to                     (13) 

 

  NjbXWg jiji

L

i
,,2,1t

1
i 



                (14) 

 

TH                           (15) 
 

  LTbTb iibWii ,,2,1i,WHmin,WH i,,i 





 




         (16) 

 

 
2

1 1
i 

 











N

j
jiji

L

i
tbXWgE                   (17) 

 
 

 



M

n
rp yyMSE

1

2

M
1                   (18) 

 

 
 










 M

n
r

M

n
rp

2

yy

yy
R

1

2

r

1

2

                   (19) 

 
 

 	 (6)

 

)(, imeanbestnewi PPPP                      (1) 

 

       1,  iimeaniinewi PPiyPPixPP           (2) 
 

   
 xr
irix

max
x

         
 yr
iriy

max
y

                  (3) 

 

      iirixr sin             iiriyr cos      (4) 
 

    randRiir         randi            (5) 
 

       bestimeanibestnewi PcPiyPcPixPP  2111rand,      (6) 
 
   

 xr
irix1

max
x

       
 yr
iriy1

max
y

                      (7) 

 
      iirixr hsin        iiriyr hcos                    (8) 

 
     iirand   rai                     (9) 

 
  nT

iniii RxxxX  ,,, 21                               (10) 
 

  mT
iniii Rtttt  ,,, 21                               (11) 

 

  NjobXWg jiji

L

i
,,2,1

1
i 



                   (12) 

 

0
1j




N

jj to                     (13) 

 

  NjbXWg jiji

L

i
,,2,1t

1
i 



                (14) 

 

TH                           (15) 
 

  LTbTb iibWii ,,2,1i,WHmin,WH i,,i 





 




         (16) 

 

 
2

1 1
i 

 











N

j
jiji

L

i
tbXWgE                   (17) 

 
 

 



M

n
rp yyMSE

1

2

M
1                   (18) 

 

 
 










 M

n
r

M

n
rp

2

yy

yy
R

1

2

r

1

2

                   (19) 

 
 

    	   (7)

 

)(, imeanbestnewi PPPP                      (1) 

 

       1,  iimeaniinewi PPiyPPixPP           (2) 
 

   
 xr
irix

max
x

         
 yr
iriy

max
y

                  (3) 

 

      iirixr sin             iiriyr cos      (4) 
 

    randRiir         randi            (5) 
 

       bestimeanibestnewi PcPiyPcPixPP  2111rand,      (6) 
 
   

 xr
irix1

max
x

       
 yr
iriy1

max
y

                      (7) 

 
      iirixr hsin        iiriyr hcos                    (8) 

 
     iirand   rai                     (9) 

 
  nT

iniii RxxxX  ,,, 21                               (10) 
 

  mT
iniii Rtttt  ,,, 21                               (11) 

 

  NjobXWg jiji

L

i
,,2,1

1
i 



                   (12) 

 

0
1j




N

jj to                     (13) 

 

  NjbXWg jiji

L

i
,,2,1t

1
i 



                (14) 

 

TH                           (15) 
 

  LTbTb iibWii ,,2,1i,WHmin,WH i,,i 





 




         (16) 

 

 
2

1 1
i 

 











N

j
jiji

L

i
tbXWgE                   (17) 

 
 

 



M

n
rp yyMSE

1

2

M
1                   (18) 

 

 
 










 M

n
r

M

n
rp

2

yy

yy
R

1

2

r

1

2

                   (19) 

 
 

 	  (8)

 

)(, imeanbestnewi PPPP                      (1) 

 

       1,  iimeaniinewi PPiyPPixPP           (2) 
 

   
 xr
irix

max
x

         
 yr
iriy

max
y

                  (3) 

 

      iirixr sin             iiriyr cos      (4) 
 

    randRiir         randi            (5) 
 

       bestimeanibestnewi PcPiyPcPixPP  2111rand,      (6) 
 
   

 xr
irix1

max
x

       
 yr
iriy1

max
y

                      (7) 

 
      iirixr hsin        iiriyr hcos                    (8) 

 
     iirand   rai                     (9) 

 
  nT

iniii RxxxX  ,,, 21                               (10) 
 

  mT
iniii Rtttt  ,,, 21                               (11) 

 

  NjobXWg jiji

L

i
,,2,1

1
i 



                   (12) 

 

0
1j




N

jj to                     (13) 

 

  NjbXWg jiji

L

i
,,2,1t

1
i 



                (14) 

 

TH                           (15) 
 

  LTbTb iibWii ,,2,1i,WHmin,WH i,,i 





 




         (16) 

 

 
2

1 1
i 

 











N

j
jiji

L

i
tbXWgE                   (17) 

 
 

 



M

n
rp yyMSE

1

2

M
1                   (18) 

 

 
 










 M

n
r

M

n
rp

2

yy

yy
R

1

2

r

1

2

                   (19) 

 
 

 	 (9)

where c1 and c2 are parameters that can increase the movement 
intensity of bald eagles toward the best and center points that 
take the value between 1 and 2.

B. Extreme Learning Machine (ELM)
ELM is a new fast learning algorithm proposed by Huang 

Guangbin to improve the BP algorithm to improve the learn-
ing efficiency and simplify the setting of learning parameters, 
which has the advantages of fast learning rate and good gener-
alization performance [16]-[17].

Suppose that there are N samples (xi, ti), and that are shown in:
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Therefore, a single hidden layer neural network with L invis-
ible nodes can be expressed as:

 

)(, imeanbestnewi PPPP                      (1) 

 

       1,  iimeaniinewi PPiyPPixPP           (2) 
 

   
 xr
irix

max
x

         
 yr
iriy

max
y

                  (3) 

 

      iirixr sin             iiriyr cos      (4) 
 

    randRiir         randi            (5) 
 

       bestimeanibestnewi PcPiyPcPixPP  2111rand,      (6) 
 
   

 xr
irix1

max
x

       
 yr
iriy1

max
y

                      (7) 

 
      iirixr hsin        iiriyr hcos                    (8) 

 
     iirand   rai                     (9) 

 
  nT

iniii RxxxX  ,,, 21                               (10) 
 

  mT
iniii Rtttt  ,,, 21                               (11) 

 

  NjobXWg jiji

L

i
,,2,1

1
i 



                   (12) 

 

0
1j




N

jj to                     (13) 

 

  NjbXWg jiji

L

i
,,2,1t

1
i 



                (14) 

 

TH                           (15) 
 

  LTbTb iibWii ,,2,1i,WHmin,WH i,,i 





 




         (16) 

 

 
2

1 1
i 

 











N

j
jiji

L

i
tbXWgE                   (17) 

 
 

 



M

n
rp yyMSE

1

2

M
1                   (18) 

 

 
 










 M

n
r

M

n
rp

2

yy

yy
R

1

2

r

1

2

                   (19) 

 
 

	 (12)

where g(x) represents the activation function,

Wi = [wi1, wi2,...,win]
T  indicates input weights, bi indicates 

output weights, bi is The bias of the i-th hidden layer unit.

The ELM network structure is shown in the Fig. 2.

Fig. 2.  ELM network structure diagram

The goal of learning is to minimize the output error, which 
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In other words, there are three parameters (bi , bi and Wi ) 
that make the following formula (14) true.
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It can be expressed in a matrix, as shown in:
Hb = T	   (15)

where H is the output of the hidden layer node, b is the output 
weight, and T represents the output expected.

We can find the optimal value 
∧

ib , 
∧

ib  and W  ̂  i to ensure the 
goal, which is given in:
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C. BES-ELM Modula
The initial input weights and bias settings of ELM have an 

important impact on the recognition results of the network. The 
ELM’s input weights and biases are optimized by BES to en-
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sure the minimum value of its fitness objective function, which 
is shown in:
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First, the ELM model is used to predict the output of the 
input parameters, find the error with the expected value, and 
use it as the fitness value of the BES algorithm. BES finds the 
optimal fitness value based on this fitness value and determines 
the optimal position of the bald eagle, and then inputs it as the 
optimal input weight and bias to the ELM for training, and con-
tinues the cycle until the condition is satisfied.

IV. Experiments and analysis

A. Evaluation Indicators
To validate the performance of the algorithm, the evaluation 

metrics are measured using the mean square error (MSE) and 
the coefficient of determination (R2) [18], and the error (Error) 
of the entire test sample is also an indicator, which is defined in:

 

 



M

n
rp yy

M
MSE

1

21                   (18) 
 	 (18)

and

 

)(, imeanbestnewi PPPP                      (1) 

 

       1,  iimeaniinewi PPiyPPixPP           (2) 
 

   
 xr
irix

max
x

         
 yr
iriy

max
y

                  (3) 

 

      iirixr sin             iiriyr cos      (4) 
 

    randRiir         randi            (5) 
 

       bestimeanibestnewi PcPiyPcPixPP  2111rand,      (6) 
 
   

 xr
irix1

max
x

       
 yr
iriy1

max
y

                      (7) 

 
      iirixr hsin        iiriyr hcos                    (8) 

 
     iirand   rai                     (9) 

 
  nT

iniii RxxxX  ,,, 21                               (10) 
 

  mT
iniii Rtttt  ,,, 21                               (11) 

 

  NjobXWg jiji

L

i
,,2,1

1
i 



                   (12) 

 

0
1j




N

jj to                     (13) 

 

  NjbXWg jiji

L

i
,,2,1t

1
i 



                (14) 

 

TH                           (15) 
 

  LTbTb iibWii ,,2,1i,WHmin,WH i,,i 





 




         (16) 

 

 
2

1 1
i 

 











N

j
jiji

L

i
tbXWgE                   (17) 

 
 

 



M

n
rp yyMSE

1

2

M
1                   (18) 

 

 
 










 M

n
r

M

n
rp

2

yy

yy
R

1

2

r

1

2

                   (19) 

 
 

	

 (19)

where yp represents the predicted value, yr represents the mea-
sured value, yp represents the mean of the measured value, and  
M represents the sample value.

And error is calculated by the norm function.

B.  Data Correlation Experiment

Data were collected from October 5 to November 16, 2020, 
and the average values of soil moisture content, soil water po-
tential, soil electrical conductivity, soil temperature, and pH 
value were calculated for each 1-hour interval, for a total of 
635 sets of data. EDA (Exploratory Data Analysis [18] and 
HeatMap heat map tools were used to analyze the correlation 
between individual soil moisture content, soil electrical con-
ductivity, soil water potential, soil temperature, and pH value, 
as shown in Fig. 3.

In Fig.3, the abbreviated form is used for display conve-
nience. Conductivity represents soil electrical conductivity, 
Moisture represents soil moisture content, pH represents pH 
value, Hydro represents soil water potential, and Temperature 
represents soil temperature.

The numbers in the graph represent the correlation coeffi-
cient matrix. The larger the value, the greater the correlation is. 
It shows moderate to high correlation between the soil electrical 
conductivity on one hand and the soil moisture content and soil 
water potential on the other, both around 0.6, which indicates 
that soil electrical conductivity is more influenced by moisture 
content and soil water potential, and the correlation of soil elec-
trical conductivity with soil temperature and pH was only 0.2 
and 0.1, which indicates that soil conductivity is less influenced 
by soil temperature and pH value.

From the figure, it is found that soil electrical conductivity 
is most correlated with soil moisture content and soil water po-
tential, as such is soil temperature and pH value.

C. Application of BES-ELM Modula

The choice of input parameters in the prediction model plays 
an important role in the accuracy of the prediction results. The 
parameters collected in this system are mainly soil water con-
tent, soil water potential, soil temperature, pH value, and soil 
electrical conductivity, where the soil electrical conductivity is 
collected mainly to verify the accuracy of the model prediction. 
Data correlation experiment mentioned above shows moderate 
to high correlation between the soil electrical conductivity on 
one hand and the soil moisture content and soil water poten-
tial on the other, both around 0.6, which means that soil water 
content and soil water potential have a relatively large effect 
on soil conductivity. Therefore, soil moisture content and soil 
water potential can be used as inputs to the prediction model. 
Although soil temperature and pH have a slightly smaller effect 
on soil electrical conductivity, they can also be used as inputs 
to the prediction model if necessary to increase the accuracy of 
the model predictions.

The steps of the algorithm are described as follows.
Step 1: Data processing. The data were preprocessed us-

ing the [0, 1] standardization, and the abnormal values were 
eliminated by 3σcriterion. 500 sample data were randomly se-
lected as the training set, and the remaining 135 sample data 
were used as the test set to train and test the soil conductivity 
prediction model.

Step 2: Initializing the parameters of the BES algorithm and 
ELM network, which is presented in Table Ⅰ.

Fig. 3. Data correlation analysis
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Step 3: Initialize the input weights, output weights, and bias
Step 4: Set the fitness function. The mean square error (MSE) 

is chosen as the fitness function of the optimization-seeking al-
gorithm. Given the input training and test datasets, the fitness 
values can be calculated based on the ELM network. Then, giv-
en the value of the fitness function, the condor uses the formula 
(1)-(9) mentioned above to continuously update the position 
until the best solution obtained in the population for solving 
the problem.

Step 5: The ELM’s input weights, biases, and output weights 
are optimized by BES to ensure the minimum of the ELM’s fit-
ness objective function.

Step 6: Substitute the optimized parameter values into ELM 
neural network for prediction and output the results.

D. System Model Analysis

The data were collected from October 5 to November 16, 
2020, and the average values of soil moisture content, soil wa-
ter potential, soil conductivity, soil temperature, and soil mois-
ture were calculated for every 1-hour interval, with a total of 
635 sets of data. 500 sets of these data were selected as the 
training set and the remaining 135 sets were used as the test set. 
The specific parameters of the experiment are shown in Table I.

TABLE I
Experiment parameters

Module Variables Value

BES

a 1.5

a 10
R 1.5
C1 2
C2 2
N 100

Maxiter 100

ELM
Input 4

hidden 100
output 1

The average values of soil moisture content, soil water po-
tential, soil temperature, and soil PH at 1-hour intervals were 
used as the input values of the model, and soil electrical con-
ductivity was used as the output value, and the experiments 
were conducted according to the values of the network param-
eters set above. The results of ELM prediction, BES-ELM pre-
diction, and error values are shown in Figs. 4-6.

From the figure, it is found that the MSE, R2, and over-
all error values predicted by ELM are 45.5511, 0.39886, and 
78.4181, respectively, while the MSE, R2, and overall error val-
ues of BES-ELM are 4.482, 0.93592, and 24.5983, respective-
ly. This is because ELM is randomly generated input weights 
and bias values, and the prediction is less effective, while BES-
ELM is optimized using the bald eagle search algorithm to en-
sure that the error between the output value and the expected 
value is controlled to the minimum value, and the performance 
of BES-ELM is far better than the ELM effect. The figure shows 
that BES-ELM has the smallest error rate, short prediction time, 

good fit to the actual value curve, prediction results closer to 
the actual value, minimal oscillation in the overall relative er-
ror curve, and a smoother relative error curve. This indicates 
that BES-ELM is a feasible method for predicting soil electrical 
conductivity with good prediction results.

E. Comparation with Existing Algorithms

To prove the validity of this prediction model, we will com-
pare the performance of the algorithm with the existing algo-
rithms. Algorithms used for comparison are back propagation 
neural network (BP) [19], radial basis function networks (RBF) 

Fig. 4. Comparison of real values and predicted values using ELM

Fig. 5.  Comparison of real values and predicted values using BES-ELM

Fig. 6. Variation of error and number of iterations
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[20], support vector machine (SVM) [21], GRNN [22], LSTM 
[23], and two optimization ELM networks are constructed us-
ing particle swarm algorithm (PSO) [24], and genetic algorithm 
(GA) [24], and the corresponding networks are named PSO-
ELM, and GA-ELM, respectively.

The prediction model proposed in this paper has relative ad-
vantages related to other models. The parameter values in the 
table are averaged over the results of 5 replicate experiments, 
which are shown in Table Ⅱ.

Table Ⅱ
ALGORITHM PERFORMANCE COMPARISON

Model MSE R2

BP 26.08 0.614
RBF 17.94 0.802
SVM

GRNN
LSTM

PSO-ELM
GA-ELM
BES-ELM

30.84
42.30
45.80
27.30
24.30
4.09

0.674
0.415
0.826
0.665
0.706
0.941

Table Ⅱ shows that the GRNN model has the worst predic-
tion performance among the eight models, with MSE and R2 of 
42.30 and 0.415, respectively; the BP model and SVM model 
have slightly better prediction performance, with MSE and R2 
of 26.08 and 0.614 for the BP model, MSE and R2 of 30.84 and 
0.674 for the SVM model, and MSE and R2 of 17.94 and 0.802 
for the RBF model and LSTM model, respectively. The MSE 
and R2 of the BP model are 26.08 and 0.614, the MSE and R2 
of the SVM model are 30.84 and 0.674, respectively, and the 
performance of the RBF and LSTM models are better, the MSE 
and R2 of the RBF model are 17.94 and 0.802, respectively, and 
the MSE and R2 of the LSTM model are 45.8 and 0.826, re-
spectively. The BES-ELM model proposed in this paper has the 
best prediction performance among the eight models, with MSE 
and R2 of 4.09 and 0.941, respectively. The algorithm proposed 
in this paper exhibits better model performance and prediction 
results.

In addition, there is no clear correlation between the MSE 
and R2 of the model, i.e., a smaller MSE does not imply a higher 
R2. Therefore, the MSE is not an optimal solution to measure 
model performance, illustrating that the performance of the 
model cannot be proven based on the MSE alone.

V. Conclusion

In this paper, a prediction model of soil electrical conduc-
tivity based on ELM optimized by the bald eagle search algo-
rithm is proposed. Using a soil information collection system 
with a wireless sensor network, we can collect soil temperature, 
moisture content, conductivity, PH value, and water potential 
data in real-time and transmit the data to a remote server using 
wireless sensor network technology, to construct a soil electri-
cal conductivity prediction model and use the ELM and BES-
ELM models were used for prediction. Our work is summarized 
as follows.

•	 Soil electrical conductivity data acquisition. Parameters 
such as soil temperature, moisture content, conductivity, 
pH, and water potential were collected in real-time using 
a sensor circuit, and the data were transmitted to a re-
mote server via a wireless sensing network. A real-time 
soil information collection system for tea plantations 
was constructed.

•	 The correlation of the parameters in the soil electrical 
conductivity prediction model was determined. The 
correlation of each parameter was analyzed by using 
EDA and HeatMap heat map, and the correlation of soil 
electrical conductivity was determined, with the highest 
correlation with soil moisture content and soil water po-
tential, followed by soil temperature and PH value.

•	 A soil electrical conductivity prediction model based on 
the bald eagle search algorithm to optimize ELM was 
constructed. The principles of ELM and BES algorithm 
are described, and the input weights and bias values 
of the ELM network are optimized using the BES al-
gorithm, which effectively improves the performance 
of the network. And the optimized BES-ELM network 
cloud was used to construct a soil electrical conductivity 
prediction model. Soil water potential, and soil moisture 
content were used as input values and soil electrical con-
ductivity was used as output value to achieve soil elec-
trical conductivity prediction. Soil temperature and pH 
have a slightly smaller effect on soil electrical conduc-
tivity; they can also be used as inputs to the prediction 
model to increase the accuracy of the model prediction.

•	 Comparation with existing algorithms is also the re-
search task of this paper. Monitoring data from tea plan-
tations in Liucheng County were used as the original 
experimental sample data to train and predict the BES-
ELM soil conductivity prediction model, and the per-
formance was compared with BP, RBF, GRNN, SVM, 
LSTM, PSO-ELM and GA-ELM prediction models. 
The experimental results show that the BES-ELM mod-
el has relative advantages related to other models. Using 
the method proposed in this paper can provide certain 
guidance for irrigation and fertilization in tea planta-
tions, and can also predict the soil conductivity in the 
future period based on the BES-ELM prediction model, 
combining the meteorological data and current soil in-
formation of tea plantations in the future period, to grasp 
its change trend in time and facilitate tea garden manag-
ers to prepare for fertilization and irrigation in advance, 
which can help realize scientific and fine irrigation and 
fertilization management of tea plantations and bring 
better management benefits.

Some issues in the paper also need to be further discussed. 
Refinement of the soil electrical conductivity model is needed. 
Since soil electrical conductivity is more influenced by other 
factors in the environment, further in-depth research is needed 
to study the relationship between soil moisture content rated to 
get better results.
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