friried applied
L sciences

Article

Soil Heavy-Metal Pollution Prediction Methods Based on Two
Improved Neural Network Models

Zhangang Wang 1-2-3*, Wenshuai Zhang ! and Yunshan He !

check for
updates

Citation: Wang, Z.; Zhang, W.; He, Y.
Soil Heavy-Metal Pollution
Prediction Methods Based on Two
Improved Neural Network Models.
Appl. Sci. 2023, 13,11647. https://
doi.org/10.3390/app132111647

Academic Editor:

Douglas O’Shaughnessy

Received: 24 September 2023
Revised: 18 October 2023
Accepted: 23 October 2023
Published: 25 October 2023

Copyright: © 2023 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license (https://
creativecommons.org/licenses /by /
4.0/).

School of Information and Communication Engineering, Beijing Information Science and Technology
University, Beijing 100101, China

Key Laboratory of Information and Communication Systems, Ministry of Information Industry,

Beijing Information Science and Technology University, Beijing 100101, China

Key Laboratory of the Ministry of Education for Optoelectronic Measurement Technology and Instrument,
Beijing Information Science and Technology University, Beijing 100101, China

Correspondence: wangzg@bistu.edu.cn

Abstract: Current soil pollution prediction methods need improvement, especially with regard to
accuracy in supplementing missing heavy-metal values in soil, and the accuracy and slow conver-
gence speed of methods for predicting heavy-metal content at unknown points. To reduce costs and
improve prediction accuracy, this study used two neural network models (SA-FOA-BP and SE-GCN)
to supplement missing heavy-metal values and efficiently predict heavy-metal content in soil. The
SA-FOA-BP model combines simulated annealing and fruit fly algorithms to optimize the parameter
search method in traditional BP neural networks and improve prediction of missing heavy-metal
values in soil. A spatial information fusion graph convolutional network prediction model (SE-GCN)
constructs a spatial information encoder that can perceive spatial context information, and embeds
it with spatial autocorrelation used for auxiliary learning to predict the heavy-metal content in soil.
From the experimental results, the SE-GCN model demonstrates improved performance in terms of
evaluation indicators compared with other models. Application analysis of the two improved neural
network models was conducted; application scenarios and suitability were analyzed, showing that
these models have practical application value for soil pollution prediction.

Keywords: BP neural network; graph convolutional neural network; heavy metal in soil; missing
value prediction; content prediction

1. Introduction

Heavy-metal pollution in soil threatens human health and severely damages the
human ecological environment [1]. The regional soil heavy-metal pollution detection
system in China is constantly improving, developing toward “digitization”, “precision”,
and “intelligence” [2]. A high-level mathematical model for the analysis of heavy-metal
pollution in soil is required.

There is a relatively complete set of mathematical analysis methods for ecological
environments, including correlation analysis, principal component analysis, and regression
analysis in statistical analysis, and classification and clustering methods in data mining [3].
However, the premise for validating these methods is the availability of complete sample
data. In soil sample collection, missing sample data can often result from outdated sampling
equipment, contaminated samples, and other issues. Collecting and analyzing soil samples
is costly and time-consuming, making resampling impractical. Ecological environment
researchers have been seeking an effective solution for missing values [4]; however, there
is currently no mature method to address missing values. Traditional missing soil value
processing methods are too simple, using only mean filling, mode filling, and ignoring
tuples to interpolate missing data without considering the correlation between soil sample
data, with poor interpolation results for missing values.
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Soil heavy-metal pollution control and restoration have long cycles and high costs;
thus, current soil prevention and control measures focus mainly on prevention; restoration
is auxiliary. There is limited research on soil pollution prediction; most research is based on
time-series water and air pollution prediction [5,6]. Unlike water and air pollution, heavy
metals have a strong sedimentary type in soil; soil heavy-metal content does not change
significantly without human intervention over a long period of time. Thus, it is not feasible
to predict soil heavy-metal pollution content using time-series prediction methods. There
have been many studies worldwide on qualitative analysis, prevention and control, and
soil restoration with regard to soil pollution; however, there have been few studies on the
quantitative analysis of soil pollution. It is becoming extremely important to accurately
predict the heavy-metal content in soil.

The main contributions of this study are as follows:

(1) A new SA-FOA-BP neural network model was constructed to predict missing values
of heavy metals in soil. This algorithm model primarily combines the simulated an-
nealing algorithm with the fruit fly optimization algorithm to optimize the parameters
in place of traditional methods for parameter optimization in the BP neural network,
thereby addressing the shortcomings of the traditional BP neural network.

(2) A spatial information fusion graph convolutional network prediction model, SE-GCN,
was proposed. It establishes a spatial information encoder capable of perceiving
spatial contextual information and embeds it with spatial autocorrelation, serving as
auxiliary learning to predict the heavy-metal content in soil.

(38) The comparative experiments were conducted on the prediction of missing values
and contents of heavy metals in soil using two neural network models, and their
application scenarios and applicability were analyzed. The experiment showed that,
compared to the traditional BP neural network, the SA-FOA-BP neural network model
demonstrated improvements in error evaluation metrics, indicating that SA-FOA
effectively optimized the parameters. The SE-GCN model achieved more accurate
predictions of soil heavy-metal contents compared to existing methods, suggesting
that the spatial encoder effectively extracted spatial information.

2. Literature Review
2.1. Research on Missing Value Prediction

Researchers have proposed methods to predict missing data [7]. Effective missing
value prediction methods can make data more complete, which is helpful in subsequent
data analysis. Statistical and machine learning methods are primarily used for missing-
value predictions.

Based on statistical methods, Kayid used the maximum likelihood method and expec-
tation maximization algorithm to predict the parameters for complete and right-censored
data [8]. Bashir et al. proposed a vector autoregression model that integrated minimizing
expectation and prediction error to predict missing data. However, this method did not
fully consider the category of the data, leading to large differences between the predicted
and actual values [9]. Gondara constructed a super-complete deep denoising autoencoder
for multiple missing data imputations; it required that the proportion of missing data was
not too high. Better prediction results can only be achieved with complete data [10].

Another method was based on machine learning. Najwa et al. used several machine
learning models, including two support vector machines (SVM), six regression models, and
artificial neural networks (ANN) to predict various water quality parameters of the Langat
River in Malaysia. Based on the model performance metrics, the ANN model is superior to
other models, while the SVM model exhibits overfitting characteristics [11]. Researchers
have also combined denoising autoencoders with generative adversarial networks to
process industrial IoT data with high missing rates; however, such models cannot produce
missing values with high accuracy [12].

The problem of missing heavy-metal data in soil is serious; statistical methods are
commonly used for missing-value imputation. Although statistical methods are relatively
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simple, there are shortcomings and limitations to using statistical methods for missing-
value imputation. Although current machine learning-based missing-value prediction
methods can accurately predict missing values, feature extraction between the data is
insufficient, and the prediction accuracy can be improved. Predicting missing values in soil
heavy-metal data can make the data more complete, improve data utilization, and provide
technical support for subsequent data analysis. Thus, an efficient and accurate method for
producing the missing values in soil pollution data is necessary.

2.2. Prediction of Soil Heavy-Metal Content

In the initial stages of soil pollution prediction research, sample data were often
interpolated; the prediction accuracy depended on the number of sampling points. With
insufficient sampling data, the prediction accuracy is low. With a complex soil sampling
environment and high cost, sampling and analysis of soil heavy-metal content often require
significant financial, material, and human resources, and the amount and dimensions of the
data are limited. Thus, efficient use of limited soil data is critical in soil pollution prediction
research. The rapid development of machine learning has attracted widespread attention;
machine learning methods are used to predict soil heavy-metal content.

Cao W used a collaborative composite neural network model using wavelet neural
network (WNN) as the basic prediction model to predict the heavy-metal content in soil; at
the same time, they proposed a parallel bird swarm algorithm (PBSA) to solve the parameter
optimization problem of WNN. The experiment showed that the model could effectively
predict the heavy-metal content [13]. Yin G proposed a method based on the genetic
algorithm and neural network model that integrated soil properties and environmental
factors to predict the soil heavy-metal content [14]. With the correlation analysis of heavy-
metal content and pretreatment spectral band, the models using Support Vector Machine
(SVM), Random Forest (RF), and Extreme Learning Machine (ELM), respectively, are
constructed to predict the content of heavy metal in soil. The results show that the prediction
results of machine learning methods are better than PLS [15]. Gao et al. used a regression
kriging method based on natural and anthropogenic factors to predict the Cd content of
heavy metals in soil at different locations and analyzed the prediction accuracy of the
model [16].

Although machine learning methods can provide good ideas for predicting soil heavy-
metal content, such models have problems including insufficient accuracy and slow con-
vergence speed when predicting pollution. Insufficient consideration of spatial correlation
attributes leads to less-than-ideal prediction results. More accurate and efficient prediction
models are necessary to address the problems associated with heavy-metal content prediction.

3. Predicting Missing Soil Heavy-Metal Values Based on SA-FOA-BP

Incomplete or incorrect soil sample data in collection or laboratory sample analysis is
problematic. Simply deleting these data can reduce the experimental accuracy. Because
there is a correlation between heavy metals in soil samples, interpolating missing data
through correlation algorithms can ensure the accuracy of soil heavy-metal data prediction.
In this study, the simulated annealing algorithm was improved by the fruit fly optimization
algorithm to optimize the parameters of the BP neural network, improve the prediction
accuracy of missing soil heavy-metal values, and overcome the poor convergence and easy
local optimization of the BP neural network.

3.1. Adaptive Step-Size Fruit Fly Optimization Algorithm Based on Individual Differences

The individual updating strategy in the swarm intelligence optimization algorithm
balances the functions of local and global searches, making it the first choice for many
researchers to optimize models and algorithms. The Fruit Fly Optimization Algorithm
(FOA) has a simple structure, strong operability, and requires few parameters to be adjusted,
making it a representative swarm intelligence optimization algorithm.
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3.1.1. Steps and Problems of FOA

Fruit flies search for food by following a scent; their position is related to the odor
concentration. Individual fruit flies fly toward areas with a higher concentration of food
odor. When one fruit fly finds the best position for food, other fruit flies converge toward it
and start the next search. The FOA simulates this process, iterating a certain number of
times to find the global optimal solution [17]. The steps of the FOA are presented as follows.

(1) Randomly initialize the starting positions of the fruit fly population, and set the
maximum number of iterations maxgen and the population size.

(2) Determine the position of each fruit fly based on its flight direction and search
step length.

(8) Calculate the concentration judgement value Si, which is the reciprocal of the distance
between the position and origin coordinates.

(4) Substitute Si into the fitness function, which is also the odor concentration judgement
function, to obtain the odor concentration for the individual fruit fly.

(5) Integrate the fruit fly population; the individual with the highest odor concentration
is selected to represent the optimal fruit fly position.

(6) Save the best odor concentration value; find the coordinates of the individual with
the best odor concentration value, and let the other fruit flies fly in that direction.

(7) The model begins iterative optimization, repeating Steps 2—-6 and assessing whether
the odor concentration is better than that of the previous iteration. If it is better,
continue to search; otherwise, maintain the position of the previous generation of fruit
flies and end the algorithm.

The FOA has some shortcomings in optimization problems, indicated in Step 2. The
optimization step size set by the FOA during the fly search for food is a fixed value. This
leads to weak information exchange between individual flies in the algorithm and limits
the search ability of the fly to some extent. This results in individuals with small search
iteration steps converging slowly in the fly population, whereas those with large search
iteration steps oscillate repeatedly in later iterations, leading to a decrease in the local
optimization ability of the model. Thus, differences between individual flies and their
positions should be fully considered to improve the search ability of the FOA.

3.1.2. FOA Combined with Simulated Annealing Algorithm

Given the differences in position and search step size of individual flies during the
optimization process, we adjusted the step size using the simulated annealing algorithm
(SA) to make the fixed step-size adaptable to dynamically adjust to the conditions. The SA
algorithm [18,19] aims to simulate a global optimal solution in high-temperature solid-state
annealing.

According to the Metropolis criterion, the probability of a particle cooling down at
temperature T is

dE) = exp(— o) M
p( P17
where E is the internal energy of the particle at temperature T; AE represents the energy
change, and k is Boltzmann'’s constant.
The steps for implementing the SA algorithm are presented as follows.

(1) The objective function f(x), initial temperature ty, and minimum temperature fin
are set.

(2) Let the current temperature be t and the feasible solution be x. The initial solution is
randomly perturbed to generate a new solution.

x' = x+ Ax )
The resulting energy difference is calculated as

Af =f(x") — f(x) (3)
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(38) The energy difference is calculated. If Af < 0, then accept the new solution and replace
the old solution, and move to the next iteration; if Af > 0, then decide whether to
keep the new solution based on probability according to the Metropolis criterion.

(4) Repeat steps 2-3, gradually reducing the temperature after a certain number of
iterations. When t < t,in, we iterate and output the optimal solution.

The moving step-size formula in the FOA is
L = Random * Value 4)

Random is a random number between [0, 1]; Value is the initial step size, and is a
constant value. Thus, the moving step size L is a random number in the range [0, Value].
However, the FOA has some drawbacks. In the early stage of fruit fly optimization, a small
step-size leads to low optimization efficiency; in the later stage of optimization, a large
step-size makes it easy to miss the optimal solution [20].

To address these issues, the FOA uses a non-uniform mutation strategy to improve
the moving step-size, as follows:

I g—1 A
L'=n(1- (maxgen> )sgn(r —0.5) )
where n is the initial step size; g is the current iteration number; maxgen is the maximum
number of iterations; A is the nonuniform mutation factor, set to 2 in this study; sgn is
the sign function; and r is a random number between [0, 1]. Equation (5) shows that the
improved moving step-size decreases with an increase in the iteration number, which
improves the optimization efficiency in the early stage of the optimization process and
enhances the local search capability of the algorithm in the later stage to avoid missing the
optimal solution as a result of a large search step-size.

Combining the FOA with the SA, the SA-FOA algorithm is proposed to increase
the diversity of the search by probabilistically eliminating the worst solutions during the
iteration process, ensuring that the algorithm can still start a new search from the worst
solution as a new starting point when trapped in a local optimum, and improve the local
search capability of the algorithm. The improved algorithm can effectively avoid step-size
and local optimum problems in the FOA.

3.2. SA-FOA-BP Model

The Back Propagation (BP) neural network is a widely used neural network with
input layer (i), hidden layer (h), and output layer (o), as well as the desired output (d) [21].
The key feature of the BP neural network is its ability to utilize external input samples for
stimulation. In the BP neural network, each layer calculates the error between the result
and the expected output, and propagates the error backward to the previous layer. It then
adjusts the weights of the previous layer to reduce the difference between the network’s
output and the desired output until it stabilizes. Figure 1 presents structure of the BP
neural network.

The basic structure of a BP neural network consists of the following components [22].

Input Layer i: It contains the input vector x = (x1,x; - - -, x,,) and the weight values
wjy, connecting the input layer to the hidden layer. The input layer serves as the entry
point of the model and is a collection of vectors formed by the input data. The first column
represents the bias value b;, and the second column to the last column represents the feature
vectors (excluding the classification label). The output layer is the exit point of the model.
It is the result of the dot product of the model’s input layer and weights, followed by the
application of the activation function.
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Error back propagation

X1

Xi

Xn

Input layer Hidden layer Output layer

Positive dissemination of information

Figure 1. Structure of the BP neural network.

Hidden Layer h: It includes the input vector yi = (yiy, yia, - - - ,yin), output vector
yo = (yo1,y02 - - - ,yo0y,), bias value by, threshold for the connection between the hidden
layer and the output layer, and the logistic activation function. In a BP neural network,
there is no specific requirement for the number of hidden layers, but generally, it does
not exceed 2 layers. The scalar result of the dot product between the output of the layer
immediately preceding the hidden layer and the weights serves as the input for this layer.
This scalar, combined with the calculation of the logistic function, forms the output of
this layer.

The expected output d, = (dq,dp, - - - ,dy) is the classification label vector. In a BP
neural network, each layer calculates the error with respect to the expected output, prop-
agates this error backward to the previous layer, and adjusts the weights of the previous
layer accordingly.

In general, the number of neurons in the hidden layer of a BP neural network is
typically calculated according to the following formula based on experience:

Nhig < vNoyt +Njp + a (6)

In Equation (6), nj, and neyt represent the number of neurons in the input and output
layers, and the value of a ranges from [0, 10].

Traditional BP neural networks have limitations such as slow convergence, sensitiv-
ity to weight initialization, and easy trapping in local optima. Inspired by Boltzmann
machines [23], the SA and FOA were combined with BP neural networks. The SA-FOA
replaces the traditional gradient descent method used to update the weights and thresholds
in BP neural networks. The FOA can find the global optimum in complex, multimodal,
and non-differentiable vector spaces, and it can search for the initial weights of BP neural
networks, overcoming the slow convergence of BP neural networks. The introduction of the
SA reduces the possibility of the algorithm becoming trapped in a local optimum, further
improving the accuracy of the BP neural network model.

The SA-FOA was used to search for the thresholds of nodes and weights of links in
the BP neural network algorithm, which were assigned to the BP neural network; the BP
neural network was trained to obtain the optimal parameters. Thus, the SA-FOA-BP neural
network model can be divided into two parts: the first part is the SA-FOA optimization
process, and the second part is the BP neural network training process.

The calculation steps of the model are presented as follows:
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Model initialization: Set the number of neurons in each layer of the BP neural network,
including the number of neurons in the input layer 7, number of neurons in the hidden
layer 11, and number of neurons in the output layer [. Set the initial position of the fruit
fly population and set the maximum number of iterations maxgen and the population
size.

SA-FOA optimization: The process is introduced in Section 2.1 and is not repeated
here. In this study, the error function e in the BP neural network is taken as the
objective function, represented by concentration value in the FOA; the solution vector
S is used as the comprehensive vector of connection weights and threshold values
in the BP network. When the SA-FOA terminates, the weight and threshold values
in the solution vector S are used to calculate the weight and threshold values of the
current training sample in the BP neural network.

BP neural network training: Assign the weight and threshold values obtained from
the SA-FOA optimization to the BP neural network and train the BP neural network
according to the preset parameters.

Figure 2 presents a flowchart of the SA-FOA-BP neural network model.

Initialize neural network

BP neural network
training process

v

Initialize fruit fly population position
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set random flight direction and
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Input training samples
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Calculate fruit fly taste concentration
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Figure 2. Flowchart of SA-FOA-BP neural network model calculation.

4. Prediction of Soil Heavy-Metal Content Using Graph Convolutional Networks
Integrating Spatial Information

Spatial data contain coordinates and geometric structural features through which the

location, shape, distribution, and relationships between objects can be represented. Tradi-
tional neural network methods ignore spatial modeling, whereas graph neural networks
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represent spatial structures in a graph structure, providing new ideas for spatial regression
prediction or interpolation.

When constructing a soil heavy-metal content prediction model, information from
multiple sampling points can be combined to predict target points. To fully consider
spatial features, a graph convolutional network model integrating spatial information was
proposed to predict soil heavy-metal content at unknown points. The model is based on
the graph convolutional neural network (GCN) and incorporates spatial information and
points of interest [24] into the network.

First, we defined a data point p; = {y;, x;,¢;}, where y; is the dependent variable to
be interpolated for prediction, x; is a feature vector, and c; is a coordinate vector. Thus, all
points can be represented using P = {p1, ..., p» }. Using latitude and longitude information,
all data points can be mapped in geometric space. Assuming that a certain data point is the
center point, the distance d;; between all data points and this point can be obtained using
the Haversine formula. The Haversine formula is given by

lon2 — lonl

M) + cos(latZ)cOS(lﬂﬂ)Si”z(f)) @

dij = 2r argsin(\/sinz(

where 7 is the radius of the Earth, lonl and lon2 are the longitudes of the two points, and
lat1 and lat2 are the latitudes of the two points.

The source of soil pollution directly affects heavy-metal concentrations. Thus, when
predicting the heavy-metal content in soil, the features of the points of interest must be
incorporated into the prediction model. In this study, the pollution source was used as the
point of interest, and all pollution enterprises in the study area were regarded as a set. The
interest-point matrix is defined as V = {vy, ..., v, }, where v; is the coordinate vector of the
point of interest.

Considering the dependency between the center point and other data points, which
gradually weakens with an increase in the distance between the points, the correlation also
becomes weaker. Thus, the k-nearest neighbor method or setting a reasonable distance
threshold can be used to improve training efficiency. Using this method, the neighborhood
of each data point can be obtained and an adjacency matrix A that incorporates the fusion
interest-point features can be created.

Thus, a graph G = (V, E) is constructed consisting of nodes V = {vy,...,v,} and
edges E = {ej,...,es}, where the nodes and edges of the graph are provided by the
adjacency matrix A. Each node has a fused interest-point information node feature x; and y;.
Typically, the adjacency matrix A is binary. This study attempts to construct A based on
different distances d;; between nodes. Thus, the normalized adjacency matrix A can be
represented as

A=D"?/(A+1)D" /2 8)

where D is the degree matrix, and I is the identity matrix of graph G. The propagation
calculation process between the levels in the GCN is presented as follows.

H*Y = ReLU(AHDW) )

where W is the parameter matrix of 6 for the lth layer, and H") is the input matrix of graph
convolution in the lth layer. The feature matrix X ={x1, ... x,} contains all node feature
vectors, and X is used as the input of H(®) for the first layer of the GCN. The output § of
the GCN can be obtained by a parameterized GCN through the feature matrix.

4.1. Design of Spatial Information Encoders

In a traditional GCN, the connections between nodes are the only direct source of
spatial context; they can be convolved similarly to the pixels in the image data. This limits
the ability of the GCN to capture spatial features in multiple ways. GCN performance
requires a good neighborhood structure, but a traditional GCN has arbitrary settings for
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the neighborhood, such as selecting the k-nearest neighbors of each node to construct the
neighborhood structure. If the underlying data cannot capture prior knowledge, setting
the correct neighborhood parameters becomes difficult. In addition, a single k value may
not be reasonable for all nodes, and different nodes may depend on their neighbors to
different degrees. The traditional GCN structure does not include a module that converts
point coordinates into different spaces. Converting point coordinates into different spaces
can provide more information on the spatial structure [25].

It is difficult for a GCN to handle complex spatial dependencies, similar to spatial
interpolation, which cannot be solved using other methods. Thus, a spatial position context-
aware encoding method is proposed to construct a spatial encoder (SE) for encoding spatial
information that can flexibly learn the features of each spatial coordinate.

Assuming that the spatial coordinate matrix is C = {cy,... ¢y}, ¢; represents the lati-
tude and longitude coordinates of each data point. The spatial information encoder is com-
posed of sine and cosine functions and a fully connected network; the spatial information en-

coder is defined as SE(C) = NN(PE®)(C)), where PE(8)(C) = {pggg) (C);.. .;pEggjl(q},
and PE(®)(C) is the series composition of multi-scale sine and cosine functions. In each
scale, its encoder is PES (C) = {PE S(gl) (C);...; PES(,g; (C)] , and the spatial dimensions v of C
(latitude and longitude) are processed separately such that

8 = Amax/ Amin (10)
(g) clol _ clol
PES (C) = COS()\mings/571 );Sm(/\mings/sfl) Vs €{0,...,5—1},vo e {1,2} (11)

where Apn are the minimum and Amax are the maximum grid scales, the output of
PE(®)(C) C is passed through the vector space required by the fully connected neural
network, and the coordinate embedding matrix C,,,;, is created.

4.2. Spatial Autocorrelation for Aiding Learning

According to the first law of geography, the closer two things are to physical space,
the more likely they are to be related. Real-world objects are rarely randomly distributed.
Data points closer to the spatial distance tend to exhibit strong spatial correlations.

Global spatial autocorrelation [26] reflects spatial clustering on a global scale. How-
ever, there is often local instability within objects, which requires analysis using local
spatial autocorrelation. The local Moran’s I index [27] was calculated to capture spatial
heterogeneity and understand local spatial clustering characteristics. The local Moran’s I
index was calculated using Equation (13).

==Y (xi—x)? (12)
ni3
T _
I,‘ = TZwU(x] — x) (13)
j#

In Equation (13), X represents the mean value of all units within the area, represents
the variance, x; and x; represent the values of units within the area, w;; represents the total
number of units within the area.

In this study, Moran’s I index of spatial autocorrelation, denoted as I(Y), was used for
auxiliary learning to jointly construct new prediction results with the prediction results
Y of the GCN. The limitation of local spatial autocorrelation in the neighborhood may
lead to neglecting the influence of longer distances. Thus, in the GCN training process, a
small batch of points was used. For each training session, n points were randomly selected
from the training data as batch B for training. The corresponding adjacency matrix Ap was
constructed using the data points in the batch I(Yg), and the corresponding local Moran’s I
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index B was calculated. Using different batches for training, the central point may have
different neighborhoods in different training iterations. Thus, Moran’s I of the central point
can change continuously throughout the iteration process, reflecting more distant or closer
neighborhoods, which helps overcome the scale sensitivity of Moran's 1.

4.3. Construction of Graph Convolutional Networks Integrating Spatial Information

GCN (Graph Convolutional Network) is a deep learning method for handling data
with graph-like properties. Its main purpose is to extract spatial features from data by
leveraging the relationships between data points. Currently, graph convolution includes
graph convolutional neural networks based on the spatial domain (vertex domain) and
graph convolutional neural networks based on the spectral domain. Figure 3 shows the
GCN structure diagram.

|_ e ] |_ e ]
| | | |
| L |
| | | |
| L |
| L |
: X | RelLU : cee : RelU ®ee >
| | | |
| L |
Input layer | : | : Output layer

Lol ey
| L |
| |

Convolutional Layer 1 Convolutional Layer 2

Figure 3. GCN structure diagram.

A GCN that integrates spatial information includes a spatial information encoder
that is used to learn the contextual information of point coordinates throughout the GCN
training process. In constructing the SE-GCN, spatial information and point-of-interest
information are fused as the model input, and the SE-returned coordinates are embedded
into a matrix and connected with other node features to provide training data for the GCN
operator. The SE-GCN predicts the output of Moran’s I index of spatial autocorrelation as
an auxiliary prediction result. The Moran’s I index was obtained by constructing a new
training graph based on the k-nearest neighbors [28] from a randomly sampled batch of
points during each training; the final result was obtained through prediction of the local
Moran’s I index and SE-GCN [29]. The model structure of the SE-GCN is shown in Figure 4.

We assumed a randomly sampled batch of points B, where py, ..., py,,, € Bis one
of the points in ¢y, ..., ¢y, ,- Using the coordinates of B, a spatial graph was constructed
using the k-nearest neighbor algorithm, and the adjacency matrix Agp was obtained. Next,
the coordinates were embedded into a latent space using a spatial information encoder
consisting of trigonometric functions and a single fully connected neural network, result-
ing in the coordinate-embedding vector Cy"’= <, L, C%chh. The output of the spatial
information encoder was connected to the node features to create the input for the first
layer of the SE-GCN, denoted as

HO) = concat(X B,C%mb> (14)
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Figure 4. SE-GCN model structure.

To incorporate the local Moran'’s I index into the SE-GCN, the measurement I(Yg) of
the resulting variable Yp was calculated using the formula for the local Moran’s I index at
the beginning of each training based on the spatial weights of the adjacency matrix Ag. Yp
and I(Yp) were predicted.

¥p =HO (15)
I(Y5) = Hitk (16)

The loss of SE-GCN can be calculated using any regression criterion, such as the mean

squared error (MSE):

loss = MSE(Yp, Yp) + AMSE(I(Yg),1(Yg)) (17)

where A represents the weight of auxiliary learning.
The steps for using the SE-GCN model to predict soil heavy-metal content are pre-
sented as follows.

(1) Determine the graph structure; input the training dataset of soil heavy metal sampling
points, including all features of the spatial dimension, the pollution source dataset,
and input of sampling points to form an input vector. Integrate the characteristics of
pollution sources to construct an adjacency matrix. Initialize the model parameters.

(2) The model performs spatial feature extraction. The spatial features of each sampling
point are extracted from the graph convolutional neural network. The coordinate
embedding matrix obtained using the spatial information encoder is connected to the
node features extracted by the model to provide training data for the GCN operator.

(3) Further model training, output Moran’s I index of spatial autocorrelation, and provide
auxiliary learning for prediction results.

(4) Iteratively learn the SE-GCN model, calculate its loss function value, iterate continu-
ously, and obtain an optimal SE-GCN model.

(5) The test setis input into the optimal SE-GCN model to predict the heavy-metal content
in the soil and the predicted values at the required points.

The k-nearest neighbor algorithm is used in the SE-GCN model to define the spatial
graph; however, the proposed spatial information encoder is not limited by the k-nearest
neighbor algorithm because it does not operate on the graph convolutional network.
This enables the spatial information encoder to learn context-aware information for each
coordinate individually, considering the potential distance neighborhoods within different
batches. Whereas spatial graphs rely on straight-line distances between points, spatial
information encoders embed latitude-longitude values into a high-dimensional latent
space. This feature information is passed on during the learning process. SE-GCN model
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training was performed on a new graph composed of randomly sampled data points at
each iteration, which helped to better generalize the spatial feature information while
remembering the neighborhood structure. Different training batches can also help calculate
Moran’s I index, which captures the spatial autocorrelation of near and far neighbors. The
local Moran’s I index was calculated using Equation (13). The Moran’s index can range
from —1 to 1 and is used to measure spatial autocorrelation. A higher value indicates
a greater degree of clustering of similar regions in space and is positive when there is
positive correlation. Conversely, a lower value indicates a higher level of dispersion, and it
is negative when there is negative correlation.

5. Analysis of Experimental Results
5.1. Analysis of Prediction Results of Missing Soil Heavy-Metal Values

Using soil from a certain area in North China as the experimental object, the experimen-
tal data included soil heavy-metal content, soil pH, and sampling latitude and longitude.
The data dimensions differed. Before the experiment, it was necessary to normalize the
data characteristics to eliminate the influences between data with different dimensions
and improve the speed of the model calculation. In this experiment, the data sample size
was not large, and the input and output layer dimensions were small; thus, the neural
network model used a three-layer network structure to reduce the amount of mathematical
calculation while ensuring accuracy. In a neural network, we attempt to ensure that the
dimension of the input vector matches the number of neurons in the input layer, and the
dimension of the output vector matches the number of neurons in the output layer. In the
missing value prediction experiment, the number of neurons in the input layer was set to
five and the number of neurons in the output layer was set to three. The data were divided
into training and test sets in a ratio of 7:3.

Table 1 shows a comparison of the measured values of Hg, Cd, and Pb with the pre-
dicted results based on the SA-FOA-BP neural network model and the traditional BP neural
network algorithm. Due to the particularity of soil heavy-metal data, the specific values are
inconvenient for public display. The 40 predicted datasets were divided into four groups,
each with 10 data points, and the average values were tabulated. The predicted results
of the SA-FOA-BP neural network model and the measured results were compared; the
relative error range for Hg was 6.78-23.16%, and the average error was 16.35%. Compared
with the traditional BP neural network prediction, the average error value was reduced
by 11.251%. The relative error range for Cd was 7.33-22.86%, and the average error value
was 16.37%. Compared with the traditional BP neural network prediction, the average
error value was reduced by 10.21%. The relative error range of Pb was 1.71-26.20%, and
the average error value was 14.69%. Compared with the traditional BP neural network
prediction, the average error value was reduced by 11.699%. Overall, the error between the
value predicted by the SA-FOA-BP neural network model and the measured value ranged
from 1.71 to 26.20%; the average error was 15.8033%, within the error range reported in
similar research (0.93-26.67%), indicating that prediction using the SA-FOA-BP neural
network model is reasonable.

Figures 5-7 show comparison charts of the measured values of the three heavy metals
and the values predicted by the different models.

To validate the effectiveness of the SA-FOA algorithm, this section used the SA-FOA
algorithm and the FOA algorithm to solve a univariate quadratic equation for its minimum
value in MATLAB. The parameter settings were as follows: In the FOA algorithm, the
maximum number of iterations was set to maxgen = 200, and the population size was
size = 50. In the SA-FOA algorithm, the maximum number of iterations was also set to
maxgen = 200, the population size was size = 50, and the non-uniform mutation factor A
was set to 2. The univariate quadratic equation to be solved is represented as Equation (18):

f(x) = =5 + x (18)
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Table 1. Comparison of SA-FOA-BP neural network and traditional BP neural network prediction

results.
SA-FOA-]?P N eural Network BP Neural Network Prediction Results
Heavy Averagle Prediction Results
Sample Actua
Metal Number Value/ If: Zg;:ﬁ; Mean Overall I;l: Z;::’ifi Mean Overall
Elements (mg/kg~1) Relative Mean Relative Mean
Value/ Error Error Value/ Error Error
(mg/kg—1) (mg/kg—1)
1-10 0.191 0.208 19.46% 0.183 27.57%
11-20 0.168 0.184 14.25% o 0.159 26.86% o
Hg 21-30 0172 0.167 18.36% 16.35% 0.175 28.66% 27.601%
31-40 0.171 0.175 13.28% 0.156 27.32%
1-10 0.367 0.365 17.14% 0.332 27.31%
11-20 0.197 0.192 15.95% o 0.186 26.21% o
Cd 21-30 0.274 0.257 16.44% 16.37% 0.226 25.95% 26.58%
31-40 0.163 0.174 16.74% 0.175 26.83%
1-10 23.251 24.459 15.84% 24.248 27.24%
11-20 26.658 25.909 15.16% o 26.876 26.32% o
b 21-30 27.685 28.440 13.39% 14.69% 25.855 26.81% 26.389%
31-40 24.429 24.138 14.35% 24.274 25.14
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Figure 5. Comparison of measured Hg value and values predicted by different models.
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By calculation, it is known that the minimum value of this equation is —5, and the
iteration process is shown in Figure 8:
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Figure 8. Iteration Process of SA-FOA and FOA Algorithms.

In Figure 8, the left image represents the iteration graph of the SA-FOA algorithm,
while the right image represents the iteration graph of the traditional FOA algorithm. It
can be observed that after 200 iterations, the SA-FOA algorithm has already calculated a
value of —5. However, under the same number of iterations, the traditional FOA algorithm
converges slower than the SA-FOA algorithm. This indicates that the SA-FOA algorithm,
compared to the FOA algorithm, has a more noticeable optimization effect for solving
general function problems.

5.2. Analysis of Soil Heavy-Metal Prediction Results

In the soil heavy-metal content prediction experiment, the dataset was divided into
training and test sets to train and verify the performance of the model, respectively. The
experimental dataset contained 322 sets of heavy-metal data, elevation information for each
sampling point, and the coordinates of 224 enterprises that may produce pollution. The
originally obtained data were normalized and preprocessed to produce the experimental
dataset. The possible polluting enterprises were used as points of interest and combined
with node characteristics. Ninety percent of the data in the experimental dataset were
randomly selected as the training set; the remaining 10% of the data were used as the
test set to predict the contents of Hg and Ni in the soil at unknown points. The model
performance was verified using the test set.
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For prediction of mercury and nickel in the soil, the RMSE, MAE, and R2? at different A
were obtained; the calculated error indicators are presented in Table 2.

Table 2. Error indicators for each heavy metal at different A.

Element A RMSE MAE R?
0 0.0265 0.0007 0.857
H 0.25 0.0207 0.0004 0.912
& 0.5 0.0226 0.0005 0.896
0.75 0.0223 0.0005 0.898
0 1.095 4973 0.837
Ni 0.25 0.774 3517 0.918
! 0.5 0.818 3.763 0.909
0.75 0.86 3.836 0.899

From Table 2, the SE-GCN model predicts mercury at A 0.25; the RMSE, MAE, and
R? are lower than other values. The MAE decreased by 20% and R? increased by 0.016
compared to A 0.75. The RMSE decreased by 7.17%, the MAE decreased by 20%, and R?
increased by 0.014 in the prediction of nickel. The RMSE, MAE, and R? were lower than
other values. Compared to a value of 0, the RMSE decreased by 29.32%, the MAE decreased
by 29.28%, and R? increased by 0.25. Compared with a value of 0.5, the RMSE decreased by
5.38%, the MAE decreased by 6.54%, and R? increased by 0.009. Compared with a value
of 0.75, the RMSE decreased by 10%, the MAE decreased by 8.32%, and R? increased by
0.019. In predicting soil heavy metals, adding spatial autocorrelation can alleviate most of
the overfitting problems in the model.

From Table 2, the SE-GCN model had lower RMSE, MAE, and R? values for each
evaluation indicator of mercury at A = 0.25 than the other models. Compared with A =0,
the RMSE decreased by 21.89%, the MAE decreased by 42.86%, and R? increased by 0.055.
Compared with A = 0.5, the RMSE decreased by 8.41%, the MAE decreased by 20%, and
R? increased by 0.016. Compared with A = 0.75, the RMSE decreased by 7.17%, the MAE
decreased by 20%, and R? increased by 0.014. At A = 0.25, the RMSE, MAE, and R? for
nickel were lower than for other metals. Compared with A = 0, the RMSE decreased by
29.32%, the MAE decreased by 29.28%, and R? increased by 0.081. Compared with A = 0.5,
the RMSE decreased by 5.38%, the MAE decreased by 6.54%, and R? increased by 0.009.
Compared with A = 0.75, the RMSE decreased by 10%, the MAE decreased by 8.32%, and
R? increased by 0.019. Thus, the SE-CGN model constructed in this study can alleviate
most of the overfitting problems by adding spatial autocorrelation in predicting soil heavy
metals.

Figure 9 shows the fitting curves of the predicted and actual values of Hg for different A.
The predicted Hg with A = 0.25 fit best with the actual values.

Figure 10 shows the fitting curves of the predicted and actual values of Ni predicted
by SE-GCN for different A. The predicted Ni with A = 0.25 fit best with the actual value.

The prediction performance of the proposed SE-GCN model was further demonstrated
through comparative experiments. The SE-GCN model (for 0.25), GCN model, DCNN,
Kriging, and RBF were used to predict soil heavy-metal content, and the RMSE, MAE, and
R? indices were compared. The evaluation indices for the predicted soil heavy-metal values
for each model are shown in Table 3.
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Table 3. Error indicators for each heavy metal for different models.

Element Model RMSE MAE R?
SE-GCN 0.0207 0.0004 0.912
GCN 0.0273 0.0007 0.848
Hg DCNN 0.0219 0.0005 0.902
Kriging 0.0393 0.0015 0.686
RBF 0.0370 0.0014 0.720
SE-GCN 0.774 3.517 0.918
GCN 2.394 5.733 0.871
Ni DCNN 2.722 741 0.834
Kriging 3.512 12.335 0.723
RBF 3.687 13.596 0.695

In Table 3, the RMSE, MAE, and R? of the SE-GCN model were superior to those of
the GCN model, DCNN, Kriging, and RBE. In predicting Hg, the SE-GCN model had a
24.18% lower RMSE, 42.86% lower MAE, and R? was 0.064 lower than the GCN model; R?
decreased by 0.064. Compared with the DCNN model, the RMSE of SE-GCN decreased by
5.48%, the MAE decreased by 20%, and R? decreased by 0.1. Compared with the Kriging
model, the RMSE of SE-GCN decreased by 47.33%, the MAE decreased by 73.33%, and R?
decreased by 0.226. Compared with the RBF model, in predicting Ni, the SE-GCN model
had a 67.67% lower RMSE, 38.65% lower MAE, and R? was 0.047 lower. Compared to
the GCN model, the SE-GCN model had a 71.57% lower RMSE, 71.57% lower MAE, and
R? was 0.047 lower. Compared to the DCNN model, the SE-GCN model had a 71.57%
lower RMSE, 52.54% lower MAE, and RZ was 0.084 lower. Compared with the Kriging
model, SE-GCN had a 77.96% lower RMSE, 71.49% lower MAE, and R? was 0.195 lower.
Compared with the RBF model, SE-GCN had a 79.01% lower RMSE, 74.13% lower MAE,
and R? was 0.223 lower.

Figures 11 and 12 show the absolute errors between the actual and predicted values of
heavy-metal content for different models.

0.16-. —+— SE-GCN—+— GCN—— DCNN—~— Kriging —+ RBF
0.14 4 I

0.12 4 |

010"‘ I |

)

on
= 0.08 4

1))
-

k

0.06 -

MAE(n

0.04 ~

0.02 +

0.00 +

-0.02 —_————— ————
0 5 10 15 20 25
samples

Figure 11. Absolute error between actual and predicted values of Hg for different models.
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From Figures 11 and 12, the absolute errors of the SE-GCN model predictions for Hg
and Ni were smaller than those of the GCN, DCNN, Kriging, and RBF models. For Nj,
the absolute error of the predictions of the SE-GCN model fluctuated less than those of
the GCN, DCNN, Kriging, and RBF models. Thus, compared to GCN, DCNN, Kriging,
and RBF models, the proposed SE-GCN model demonstrated higher accuracy and better
performance in predicting soil heavy-metal content.

In experiments conducted on the SE-GCN model, the training time and prediction
time were recorded. The model exhibited stable training and prediction times. The average
training time among 100 experiments was 2.71 s, and the average prediction time was
0.0044 s. These experiments were conducted in an environment with a CPU i7-12650H,
16 GB of memory, and running on Windows 11.

5.3. Analysis of Two Improved Applications of Neural Network Models

This article discusses the principles and methods of traditional backpropagation neural
networks (BPNN) and graph convolutional neural networks (GCNN) for predicting soil
heavy-metal pollution, and validates the accuracy and reliability of the predictions of both
models through experiments. Overall, the predicted values obtained by these models
indicate a good fit with the actual soil heavy-metal values. Thus, neural network models
have good practical value in predicting heavy-metal pollution in soil.

However, through experiments and comparative analysis, it is observed that compared
with traditional neural networks, graph convolutional neural networks have a lower overall
average error in predicting soil heavy-metal pollution. This is because graph convolutional
neural networks are a type of deep learning model that extracts features from graph
data that can be used for accurate prediction. Traditional neural networks, with their
inherent problems, produce a higher overall average error in predicting soil heavy-metal
pollution using this method. Both models demonstrate good efficiency and relatively high
fitting accuracy.

Through experiments and analysis, the following conclusions have been drawn:
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(1) This study used a simulated annealing algorithm to optimize the fruit fly algorithm
and replace the traditional BP neural network parameter optimization method, improving
the traditional BP neural network with better prediction results for missing values of
heavy metals in soil. Although the traditional neural network has fewer layers and lower
simulation accuracy, it can still be used as a soil heavy metal prediction model when few
data samples are available.

(2) The graph convolutional network that integrates spatial information has a high ac-
curacy in predicting soil heavy-metal content. However, research has found that predictive
accuracy distribution is not uniform. For areas with flat terrain, the predictive accuracy
for soil heavy-metal content was relatively high, whereas for areas with significant terrain
changes, the predictive accuracy was relatively low. Thus, prediction of soil heavy-metal
content is related to spatial distribution and also to the elevation of the sample points.

(3) Different neural network models are suitable for different application scenarios and
data sample sizes. Traditional neural network models are more appropriate for scenarios
with limited data samples and few predicted variables.

(4) Models such as the GCNN are applicable for application scenarios with relatively
large sample sizes and significant prediction tasks.

6. Conclusions

This study used two neural network algorithms to predict the missing values of heavy
metals in soil and the heavy-metal content. Two neural network models were proposed:
the SA-FOA-BP and SE-GCN models. The SA-FOA-BP neural network model was used to
predict the missing values of heavy metals in the soil; Compared to the traditional BP neural
network model, the prediction errors for Hg, Cd, and Pb in this model fall within the range
of 1.71% to 26.20% when compared to the actual values, with an average error of 15.8033%.
The error was within the range of similar studies. This model improves the prediction
accuracy of missing values for soil heavy-metal content by performing data interpolation
and optimizing neural network parameters. Thus, it is feasible to use the SA-FOA-BP
neural network model to predict the missing values of heavy metals in soil samples. The
SE-GCN model considers point-of-interest information as input features and proposes a
spatial information encoder. The spatial information encoder can be used to learn the spatial
contextual information of each point coordinate. Using the spatial information encoder,
a coordinate embedding matrix can be obtained; it is combined with the node features,
providing a new approach for predicting the content of heavy metals at unknown points in
soil. A comparative experiment was conducted using the SE-GCN, GCN, DCNN, Kriging,
and RBF models. The experiment showed that, incorporating spatial autocorrelation can
alleviate most of the overfitting issues in the model. Furthermore, the SE-GCN model
yields lower values for REMS, MAE, and R? in predicting Hg and Ni compared to the
GCN, DCNN, Kriging, and RBF models. Additionally, the absolute prediction error of
this model is smaller than that of the GCN, DCNN, Kriging, and RBF models. Thus, the
SE-GCN model had higher accuracy and better performance in predicting the heavy-metal
content in soil. An application analysis of the two improved neural network models was
carried out; their application scenarios and applicability were analyzed, indicating that
both models have practical application value in predicting soil pollution.
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