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The rice-fish system has gained significant interest in recent years because of its effective usage of limited land and freshwater
resources. To scientifically guide the improvement of rice field fishery production, the data in this study were selected from the
latest China Fishery Statistical Yearbook, and therefore the development of paddy aquaculture was investigated. In order to more
precisely predict the production of rice-fish in China, this paper introduces an artificial neural network with the SSA-BP model,
which solves the drawbacks of the BP neural network such as easy to fall into local optimum and slow convergence speed when it is
used for prediction. Firstly, the SSA-BP model incorporates the aquaculture area (split by water area), the national freshwater fish
seedling output, the national end-of-year ownership of inland fishing vessels, the number of freshwater fisheries practitioners as
input variables, and the production of rice-fish as an output variable; secondly, the SSA optimization algorithm was used to find
the optimal initial thresholds and weights for the BP neural network, and finally the SSA-BP prediction model was constructed.
The results revealed that the overall expansion of the rice field fishery was swift in the last five years, and the output of cultivated
fish in China’s rice fields rose by nearly 20% yearly in the past five years. Compared with the BP neural network and GA-BP
models, the accuracy of the SSA-BP prediction model was enhanced by 61.01% and 16.15%, respectively, which was more suited

for predicting the production of rice-fish.

1. Introduction

As a particular farming mode, fish culture in the paddy field
makes maximum use of the limited water and soil resources
by employing the freshwater resources in the paddy field and
artificial help, finally providing the double benefits of rice
and fish [1, 2]. China accounts for about 25% of the world’s
population, but it only has a quarter of the world’s renewable
water resources and a third of the world’s per capita cul-
tivated land area. At the same time, the shortage of arable
land and freshwater resources impacts both freshwater
aquaculture, which provides one-third of China’s aquatic
products, and rice, which makes up half of the country’s
staple food. As a result, the pairing of rice growing and
aquaculture has garnered major attention in Chinese history
[3]. The rice-fish paradigm has grown quickly in the last few

decades, and it is now used by almost 30 countries on 6
continents around the world [4]. China has a long history of
fish growing on rice fields and has also brought in new
improvements in recent years. Traditional fish farming in
rice fields typically confronts hurdles such as solitary
farming, restricted scale, and difficulty in raising pro-
ductivity. The breeding mode is currently expanding in the
direction of size, specialization, mechanization, and
breeding diversification due to ongoing technological ad-
vancements. In establishing the rice-fish system, it is
a problem worth paying attention to how to scientifically
improve the productivity of fish culture in paddy fields [5].
The essential factors affecting the target yield usually come
from production factors, while the yield of cultivated fish in
paddy fields in the cross field of agriculture and fishery is
generally affected by factors such as the breeding area, the
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number of fish fry, the mechanized equipment, and the
number of relevant employees. By mastering the production
parameters and attaining a more accurate prediction of
cultured fish yield in the paddy field, more scientific and
theoretical guidance will be supplied to help people invest
and allocate production resources. However, the selected
components of production typically have complicated in-
terconnections. So, finding such a complicated link is a hard
task to be tackled at present.

The neural network is a convenient and effective way to
establish the association between several elements [6].
Among various neural network models, the BP model is one
of the typical representatives [7]. Zai et al. employed the BP
neural network to estimate agricultural yield. The results
showed that the model has potential utility in grain yield
prediction [8]. However, Li et al. deployed a BP neural
network to estimate the grain yield of Henan Province,
found its limits, and suggested that it might be improved by
employing the optimization technique [9]. This improved
model will have better superiority and flexibility. The
common BP neural network optimization approaches in-
clude PSO and GA. These algorithms need to be improved in
terms of convergence speed, prediction accuracy, and
flexibility even though they have shown some positive results
[10, 11]. Jia et al. employed the sparrow search algorithm to
optimize the BP neural network [12]. After multiple sets of
trials, they showed that the SSA algorithm is more effective
in increasing the performance of BP neural networks
compared to other common algorithms.

This study will quickly evaluate the growth of rice field
aquaculture in China in recent years. Then the effort seeks to
employ the BP neural network to construct a prediction
model of cultivated fish yield in the paddy field. To further
boost model prediction accuracy, this research proposes to
employ the sparrow search algorithm to optimize the pre-
diction model and construct an SSA-BP model to forecast
yield and compare the new prediction results with the
prediction results of the BP neural network and GA-
BP model.

2. Materials and Methods

2.1. Data Selection. The China Fishery Statistical Yearbook is
a crucial resource for conducting research related to China’s
fisheries. It offers comprehensive statistics on the pro-
duction, variety, dimensions, and costs of different fishery
products. Through the examination of pertinent data and
indicators in the yearbook, it is feasible to evaluate the
production level, exploitation of resources, potential for
growth, and trend of development in different fisheries in
China. Hence, to guarantee the dependability and precision
of the data, this study selected input and output parameters
for the prediction model from the China Fishery Statistical
Yearbook 2009-2022. Table 1 displays specific information.
Subsequently, we conducted the following tasks based on
fishery production factors. In predicting rice-fish production
in China, four key factors were selected: the aquaculture area
(split by water area), the national output of freshwater fish
seedlings, the national ownership of inland fishing vessels at

Journal of Applied Ichthyology

the end of the year, and the number of practitioners in
freshwater fisheries. The aquaculture area directly de-
termines the available space and potential scale for fish
farming, while the production of fish fry is essential for
initiating and sustaining aquaculture activities. The number
of inland fishing vessels indicates the capacity for resource
management and environmental stability. Additionally, the
workforce size reflects the scale and vitality of the local
fishery community. Collectively, these factors provide
a comprehensive understanding of the physical, technical,
economic, and social dimensions influencing rice-fish
production, thereby enhancing the accuracy and relevance
of the predictive model. The four key production factors
mentioned above show correlation with the variables in the
model. However, the predicted target is rice-fish production.
After 2009, the China Fishery Statistical Yearbook un-
derwent changes in its statistical techniques and content,
resulting in differences from prior editions. Each year’s
edition now documents the relevant state of China’s fishery
industry in the preceding year, due to the time-specific
nature of the data. Some of the data in this research were
obtained indirectly in order to address this challenge. For
example, in some years: Py, = P — P, (P s, the number of
freshwater fishing employees, P;: fishery employees, and
P;,,: marine fishery employees).

Four production characteristics were selected for the
linear regression fitting of the target output, as shown in
Figure 1. The rice-fish aquaculture region with the best
correlation was utilized to represent the aquaculture area.
The determination coefficient R* in Table 2 demonstrates
that the linear regression model is unable to predict the
production of farmed fish in rice fields. As can be seen from
Table 2, the accuracy of fitting using the national freshwater
fish seedling yield production factor was the lowest, while
the accuracy of fitting the aquaculture area of rice-fish
production factor was the highest, but fitting individual
production factors by linear regression model alone could
not accurately predict the rice-field yield of rice-fish culture.
Therefore, in order to more properly anticipate the pro-
duction of rice-fish in China, it is needed to take into account
a more intelligent algorithm [13] and to analyze different
production factors.

2.2. BP Neural Network. The BP neural network includes
both the error backward propagation and forward propa-
gation processes. It is a model that has been extensively
investigated and applied in the field of evaluation and
prediction [14]. The input, hidden, and output layers of the
usual three-layer BP neural network structure are connected
by network nodes, as seen in Figure 2 [15]. The connection
weights (W; and W ;) between the layers, where W; denotes
the weight of the input layer to the implicit layer and W
denotes the weight of the implicit layer to the output layer,
are the most important parameters in the error back-
propagation process. After the BP neural network gets the
learning samples, the neuron activation values are trans-
mitted from the input layer to the output layer through each
hidden layer, and the optimal mapping relationship between
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FIGURE 1: Linear fitting of production factors (AR, NY, NV, and NP).
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FIGURE 2: Structure of the three-layer BP neural network model.

the input and output variables is continuously established
by incremental training. The neuron activation value is
reversed from the output layer through the intermediate
layer and back to the input layer based on the error be-
tween the target output and the actual value. This allows
the weights and thresholds to be gradually adjusted until

a predetermined error accuracy or number of training
times is reached [16].

In this study, a neural network comprising 9 input
neurons, 5 hidden neurons, and 1 output neuron has been
established, and 14 years’ worth of data were separated into 9
groups for the training set and 5 groups for the test set at
random. Other parameter choices included setting the
learning rate to 0.1, the training goal residual to 1 x 107, and
the number of training sessions at 2000. Data preparation,
which normalizes the training data using formula (1), is the
initial stage in developing the model. The prediction model’s
accuracy is highly dependent on the number of hidden
neurons chosen [17]. Neural network theory’s Kolmogorov
theorem also says that empirical formula (2) may usually be
used to determine the number of hidden neurons /s [18]. The
model’s hidden neurons can range from 4 to 14, according to
the formula. To explore the training effects of many hidden
neurons, the loop approach was applied [19]. By comparing
the learning performance, the ideal number of hidden
neurons is determined, and the results indicate that h =5 can
improve the model’s training. After calculating the required
number of hidden neurons, the four main production
factors in the training dataset were used as input variables for
the training model, except for the rice-fish production which
was used as the specified output variable. The results
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demonstrate that the first training achieves optimal per-
formance after 1762 steps, once the number of hidden
neurons and input and output parameters have been
established. The model’s ideal performance essentially
matches the training objective residuals and satisfies the
predetermined parameters.

X - Xmin

y=_-_“min
Xmax - Xmin

1

where Y is the normalized value of the initial sample data; X
is the value of the initial data; X, ,, is the maximum value in
the initial dataset; and X ;, is the minimum value in the
initial dataset.

min

h=+m+n+a, (2)

where h is the number of hidden neurons; m is the number
of input neurons; 7 is the number of output neurons; and a is
an integer, a € [1,10].

2.3. GA Algorithm. Genetic algorithm [20] is an optimiza-
tion search strategy based on natural selection and genetics.
The fundamental principle involves emulating the biological
concept of “survival of the fittest” and evolutionary laws,
wherein the problem is treated as a simulation of biological
evolution. Through iterative updates, solutions to the
problem are continuously refined, aiming to find an optimal
or near-optimal solution.

The GA algorithm first initializes the population that
may exist in the problem to be solved utilizing genetic
coding and then, according to the fitness size of each in-
dividual in the population, retains the individuals with good
fitness values, eliminates the individuals with poor fitness
values, and combines crossover and mutation of the in-
dividuals with the help of the genetic operator in natural
genetics to produce the population that represents the new
solution set. The basic parameters of the genetic algorithm
are established as indicated in Table 3, the maximum
number of iterations is 60, the population size is 30, the
position dimension is 56, the crossover probability is 0.8, and
the mutation probability is 0.05. The three fundamental
phases of the GA algorithm are as follows.

2.3.1. Selection Stage. The best members of the existing
population are chosen for the selection stage with the in-
tention of increasing the possibility that they will become
parents, generate better offspring, and improve the likeli-
hood that they will search for the global optimum.

2.3.2. Crossover Stage. By matching population members two
to one and transferring a portion of their chromosomes based
on a specific crossover probability P, for each pair, the crossover
stage aims to produce a new generation of individuals.

2.3.3. Mutation Stage. The goal of the mutation stage is to
change the gene values on one or more loci for each indi-
vidual in the population with a given mutation probability
P,,, which gives an opportunity to generate new people and

improves the probability of the algorithm jumping out of the
local optimum.

2.4. SSA Optimization Algorithm. In 2020, SSA was put forth.
The foraging and anti-predation behaviors of sparrows were
the source of inspiration for this algorithm [21]. There are two
typical sparrow predation strategies in nature, the finder’s
strategy and the joiner’s strategy. Individuals in the population
will monitor the behavior of other individuals. At the same
time, participants in the population compete for food with
individuals in the population with high food intake. When
sparrows feel danger, they will also have related anti-predator
behavior [22]. After that, the monitor concept will be explained.
There will be three positions in the population: discoverer,
joiner, and monitor. The monitor, who makes up 10% to 20%
of the population, is often picked at random and shares the
monitor’s responsibilities with the discoverer and joiner. Al-
though the identities of the discoverer and joiner are dynamic
and variable, their relative proportions never alter [23].

Specifically, the position of the sparrow can be expressed
by the matrix of formula

X1 X120 0t X1d
x x e x
21 %22 2.d
=0 , (3)
xn,l xn,Z e xn,d

where d is the dimension of the variable that needs to be
optimized and # is the number of sparrows in the pop-
ulation. Simultaneously, formula (4) expresses the fitness
factors of every sparrow.

f[xl,z X2 xz,d)]
e | R
f[xn,l xn,Z xn,d)]

Within the context of F,, every row vector represents the
fitness of an individual. During the foraging process of
sparrows, the individual with the superior fitness value will
be the first to obtain food. The discoverer has a greater
capacity to locate food over a larger territory compared to
the joiner, as they are tasked with locating prey for the entire
group and guiding their collective movement. The location
of the discoverer will be changed after each repetition, and
this update process is illustrated by

) Kk e (Hletens) e p T,

+1 L]

X =1 . (5)
A +QL if R>ST,

where k denotes the current iteration, xff’fl denotes the value
of the jth dimension of the ith sparrow after k iterations, and
iter,,, represents the maximum number of iterations. The
variable « is a randomly generated number that falls within
the range of values between 0 and 1. The sparrow’s alarm
value and safety value are represented by the values
R € [0,1] and ST € [0.5, 1.0], respectively. L is a matrix of
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TaBLE 3: Parameters of the BP neural network, the GA-BP model, and the SSA-BP model.
Algorithm Parameter Definition Value
m The number of input neurons 9
h The number of hidden neurons 5
n The number of output neurons 1
BP .
U Learning rate 0.1
t The number of iterations 2000
0 Training target residual 1x107°
T The maximum number of iterations 60
N The population size 30
GA D The location dimension 56
P, The crossover probability 0.8
P, The mutation probability 0.05
T The maximum number of iterations 60
SSA N The population size 30
D The location dimension 56
P_percent The number of monitors as a proportion of population size 0.2

dimensions 1 x d, where each element has a value of 1. Q is
a random number that is distributed according to the
normal distribution. When R < ST, which signals that there
are no predators around the sparrow population, the dis-
coverer changes to a broad search mode. R > ST signals that
some sparrows have identified predators, and all sparrows
must promptly flee to other safe sites.

The discoverer is often watched over by participants.
Participants will immediately leave their existing locations to
compete for food once the discoverer finds better food, and
the winner of the competition will receive the explorer’s
food. The update strategy algorithm is presented in the
following formula:

K oese—k ot it ) L
Q- e(anrst Xj j/ &+ €T max , ifi> 5’
k+1 _
X, = (6)

k+1 k k+1 +
Xp +|xi’j—xp | A" - L,

otherwise,
where x, is the best position occupied by all current ex-
plorations. x,,,., denotes the current global worst position.
A is a 1 xd dimensional matrix, in which each element is
randomly assigned 1 or —1 and meets A* = AT (AAT)™'. If
i> n/2, it signifies that the ith follower in the population, who
has a low moderate value, is starving and must move to
another location to acquire food.

The final one affects the monitor. It is generated at
random in its initial location. The location update strategy is
shown in the following formula:

k k k
Xpest T ﬁ - |xi,j ~ Xpest | >

if £i> £y

P . (7)

b |xk - X
Xfi- + K . i, worst lffl — fh,

/ (fi_fw)-'—‘s ,

where x. is the current global optimal location. f3 is
a random number with a mean of 0 and a variance of 1,
satisfying the random distribution. A random number of

K € [-1,1]. Here f; is the fitness value of the current
sparrow; f, is the current best fitness value; and f,, rep-
resents the current worst fitness value. ¢ is the smallest
constant to avoid causing the denominator to be zero. For
simplicity, when f; > f,, it indicates that sparrows are on the
edge of the group. And x represents the location of the
sparrow population center, surrounded by safe areas. When
fi = fp, it indicates that the sparrow in the middle of the
population is aware of the danger, and the sparrow in this
position needs to update its position to get close to other
sparrows. K is the direction of sparrow movement and is also
the step control coeflicient.

As shown in Table 3, several of the settings in the GA-BP
model and SSA-BP model are compatible with the non-
optimized BP neural network, notably including establishing
5 hidden neurons and a learning rate of 0.1 and limiting the
residual error of the training goal to 1x 107>, Furthermore,
the location dimension was set to 56, the maximum evo-
lutionary algebra to 60, and the SSA population size to 30, of
which 20% were monitors. Based on the aforementioned
setup parameters, the optimization program flow of the
sparrow search algorithm for the BP neural network is il-
lustrated in Figure 3. Firstly, the SSA optimization algorithm
initializes the population. After receiving the weights and
thresholds of the BP neural network, the fitness size of the
population is determined. Then, the position of the dis-
coverer, participant, and monitor is updated using formulas
(5)-(7). After completing one iteration, the fitness of dif-
ferent individuals is recalculated, and the best individual’s
position information is selected based on the fitness size.
Finally, after the iteration is completed, the optimal result,
weight, and threshold are output.

3. Results

3.1. Analysis of the Development of the Rice-Fish Industry in
China. Fishery statistics can be utilized to construct
Figure 4. The most crucial one was that, between 2016 and
2021, the breeding area of the rice field fish industry ex-
panded quickly, and the output of cultured fish in rice fields
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FIGURE 4: Trend chart of rice-fish aquaculture production and aquaculture area.

followed the pace. The data supported the determination
coefficient R? in Table 2 and revealed a distinct correlation
between the rice field’s cultivated area and yield. However,
the paddy field aquaculture area increased annually from
2016 to 2021 at rates of 11%, 21%, 14%, 11%, and 3%, re-
spectively, whereas the similar growth rate for rice-fish

output during the same time was 19%, 20%, 25%, 12%,
and 9%. From the results, even though the modification in
the breeding area had a large impact on the yield, its speed
trend was not related. As a result, it was difficult to measure
the yield accurately by depending simply on a single
breeding area, and extra factor analysis was required.



This paper chose influential variables from four aspects
based on the standpoint of production factors. Initially,
a comprehensive examination of the cultural region that is
essential for cultivating fish in rice fields was undertaken.
The scarcity of geographic resources restricts the overall
breeding area on a large scale, and the positioning of several
breeding zones also mutually influences one another. Thus,
one of the factors that had an impact was the diversity of
breeding habitats. The surface area of ponds, lakes, reser-
voirs, brooks, and other conventional aquaculture systems
decreased by 6%, 33%, 28%, 45%, and 13% accordingly, from
2016 to 2021, as depicted in Figure 4. Nevertheless, the rice-
fish aquaculture sector has had significant growth
throughout the same timeframe. The findings indicate the
presence of an intricate translational connection between
regions. Consequently, changes in the different aquaculture
regions should be considered when making projections
about productivity.

Then, other production factors were incorporated as the
fundamental influence quantity, such as the output of
freshwater fish fry (because fish fry was the fundamental
influence quantity corresponding to the output and the vast
majority of China’s rice field systems were freshwater sys-
tems), the ownership of inland fishing boats (in actuality, the
utilization rate of fishing boats in the rice field system was
low, but this element represents the function of technical
instruments in output production), and the freshwater
fishery practitioners (it can demonstrate the impact of
personnel on the industry, and this factor indirectly in-
fluences output) [24, 25]. Figure 5 represents the changes in
other factors of production and rice-fish aquaculture pro-
duction since 2008, from which it can be seen that from 2016
to 2022, national freshwater fish seedling yield increased by
3% and national end-of-year ownership of inland fishing
vessels and number of freshwater fishery practitioners de-
creased by 63% and 16%, respectively, while rice-fish pro-
duction increased rapidly during this period, indicating that
the other basic factors of production are also not directly
related to rice-fish production, and further use of SSA-BP
neural network is needed to fit their relationship.

3.2. Prediction Effect of BP Neural Network. First, the tested
data were utilized to verify the validity of the model. In
Figure 6(a), the x-axis coordinate sample points represent
nine randomly selected years, from left to right, 2021, 2013,
2014, 2010, 2020, 2012, 2016, 2015, and 2017, and in
Figure 6(b), the x-axis, from left to right, is 2019, 2008, 2018,
2011, and 2009, and the y-axis coordinates represent the
corresponding years of rice-fish yield. The real value, pre-
dicted value, and absolute error of the training samples of
cultivated fish production in rice fields can be seen in
Figure 6(a), while the calculated values of the relative errors
were 1.78%, 0.74%, 3.26%, 0.77%, 1.38%, 0.19%, 6.87%,
0.64%, and 0.11%, respectively. The average relative error
was only 1.75%. The results show that the BP model had
good reduction performance for data, and the model was
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accurate. As shown in Figure 6(b), the actual value and the
predicted value were compared. The results show that the BP
neural network can predict the output, and the calculated
relative errors were 2.57%, 11.61%, 17.93%, 5.80%, and
10.70%. It can be seen from the results that the BP model
may have a large difference in the prediction of individual
samples of cultivated fish in rice fields, and the average
relative error was as high as 9.72%.

3.3. GA-Optimized BP Neural Network. Figure 7 represents
the training and prediction results of the GA-BP model,
where the x-axis coordinate sample points are consistent
with Figure 6. Figure 7(a) represents the relative error value
corresponding to each year after the GA-BP model is
trained, and its average value is 1.35%. Figure 7(b) shows the
relative error values corresponding to each year after the
GA-BP model is predicted, which are 3.69%, 4.83%, 8.14%,
3.25%, and 2.68%, with an average error of 4.52%. The results
showed that the training and prediction performance of the
GA-BP model for rice-fish production was improved
compared to the BP neural network by 22.86% and 53.29%,
respectively.

3.4. SSA-Optimized BP Neural Network. To visually com-
pare the optimization effect of SSA, this section defines the
training and validation data to obtain the effect map under
the same data sample. First, it can be seen from the
population iteration curve that the optimization was ef-
fective, as shown in Figure 8. When the population
evolved to 18 generations, the best fitness was achieved,
and in fact, the establishment of the optimized neural
network model was completed with only 7 iterations of
training.

Figure 9 displays the SSA-BP model’s prediction effect,
where the x-axis coordinate sample points are consistent
with Figure 6. This model also had some influence on the
forecast for farmed fish in rice fields. The average relative
error of the model training, as displayed in Figure 9(a),
was 0.66%. The outcome demonstrated the model’s ac-
curacy but also highlighted the BP model’s superior re-
ducibility for the training set of data. The prediction
impact in Figure 9(b) shows that the average error was
3.79% and that the individual prediction errors were
2.82%, 2.25%, 7.41%, 2.29%, and 4.16%. According to
relative error, the SSA-BP model performed noticeably
better in training and forecasting the yield of farmed fish
in rice fields than the BP neural network and GA-BP
model, as shown in Figure 10. From the selected samples,
it can be seen that the average training performance is
relatively improved by 62.29% and 51.11% and the pre-
diction performance is relatively improved by 61.01% and
16.15%. Figures 11(a), 11(b), and 11(c) represent, re-
spectively, the regression curves of the BP neural net-
works, GA-BP model, and SSA-BP fitted to the rice-fish
production from 2008 to 2021, where the x-axis represents
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the target value and the y-axis represents the output value,
both normalized. In addition, the correlation coefficient R
of these three models can be seen in the figure as 0.96448,
0.98343, and 0.99788, respectively, and the closer the
value is to 1 indicates a superior fitting effect. The results
showed that the SSA-BP model provided a better fit than
the BP neural network and the GA-BP model, confirming
the feasibility of SSA-BP for rice-fish yield prediction.
The mean absolute error (MAE), mean squared error
(MSE), and root mean square error (RMSE) are the next
three error assessment criteria that examine each model’s
viability and efficacy. The following are the formulas:

LSy - 300
MAE = — t) -y (),
Nt:1y y

1< . 2
MSE == > (7(t) = y(®),
t=1

RMSE =

LS 50—y
N t=1 ’

(8)

)

(10)
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TaBLE 4: Comparison of rice-fish farming production prediction
error results between BP neural network, GA-BP, and SSA-BP
models.

Predictive models MAE MSE RMSE

BP 164573.50 43858270178 209423.70
GA-BP 84792.11 10657362996 103234.50
SSA-BP 71477.19 8087771253 89932.04

where N is the number of samples, y (¢) is the true value of
rice-fish farming production, and ¥ (t) is the predicted value
of rice-fish farming production.

Table 4 lists the errors in predicting rice-fish yield using
the BP neural network, GA-BP model, and SSA-BP model.
The relative MAE, MSE, and RMSE of the BP neural network
and GA-BP model versus the SSA-BP model were 93096.31,
35770498925, and 119491.66 and 13314.92, 2569591743, and
13302.46, respectively, which is an improvement of 56.57%,
81.56%, and 57.06% and 15.70%, 24.11%, and 12.89%. The
results show that the SSA-BP model prediction model has
lower performance indicators than the BP neural network
and GA-BP model, the prediction accuracy is higher, and the
prediction error is smaller, which verifies that the SSA-BP
proposed in this paper has good prediction ability for rice-
fish yield.

However, when testing the samples, the SSA-BP model
performed the same as the samples with a high level of large
errors in the BP neural network and GA-BP models.
According to the sample query, this significant error point
appeared in 2018. Looking back at 2018, with its record-
breaking weather extremes, the aquaculture business has
been greatly impacted by different changes in the ecological
environment, which has led to the increased diversity of
factors affecting aquaculture productivity in that year. Cli-
mate change, resource constraints, and the COVID-19
pandemic will all provide substantial hurdles to production
forecasting in the upcoming years [21]. Therefore, it may be
challenging to accurately predict the production of paddy-
farmed fish using basic production factors, and the SSA-BP
prediction model needs to be continuously improved to
enhance its operational performance and prediction accu-
racy. Consequently, the data-driven machine learning
strategy continues to be an effective yield forecast tool
overall and can also be applied in the future in engineering
fields such as path prediction, image segmentation, and
other related disciplines.

4. Conclusions

In this study, we briefly introduced the latest development of
rice-fish farming in China and proposed a yield prediction
model using the SSA algorithm to optimize the BP neural
network for Chinese rice-fish farming, which overcame the
shortcomings of the traditional BP neural network such as
easy to fall into local optimum and slow convergence and
was able to train the overall samples quickly and obtain
accurate prediction results. The SSA-BP prediction model
can effectively obtain the mapping relationship between the
four main production factors and rice-fish yield, and the
fitting accuracy is better than that of the BP neural network
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and GA-BP model. The experiment shows that the average
relative error of the SSA-BP prediction model is 3.79%,
which is 61.01% and 16.15% lower than that of the BP neural
network and GA-BP model, respectively, indicating that the
optimization effect of SSA algorithm is obvious, and it can
provide some theoretical suggestions for the future in-
dustrialization application.

The SSA-BP model developed based on this prediction
plays a strong role in small sample data, but individual data
points may have large errors. In addition, only four main
production factors related to rice-fish production were
considered in this paper, and we will collect as many data
samples as possible and consider more influencing factors,
such as geologic hazards, aquatic product trade, and aquatic
product processing, in our future research in order to ex-
pand the training dataset for a more comprehensive and
reasonable prediction of rice-fish production in rice farming.
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