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Scientific prediction of agricultural food production plays an essential role in stabilizing food supply. In order to improve the accuracy of grain yield prediction and reduce the error of grain yield prediction in Chongqing, this paper proposes a new method for the grain yield prediction in Chongqing by using support vector machine (SVM). In this paper, based on the support vector regression structure, the support vector regression algorithm is designed, and then the support vector machine is adopted in the replacement of the error back propagation process in BP neural network. The results of case analysis show that the method based on support vector machine can effectively reduce the error of grain yield prediction.
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1. Introduction

Food is the basic material for the survival of human life. Food has been an important issue concerning the development of human society since ancient times. Drought exacerbated by global warming and rising prices of the food in the world have once again heightened concerns about food security (Bingjun and Weiming, 2019). Food supply and demand are closely related to food security. Food security is not only an economic issue, but also related to the long-term and stable development of a country.

With a population of more than 1.4 billion, China is both a major grain producer and a major grain consumer. The food shortage is likely to become a major bottleneck issue impeding China's economic development and social stability. Therefore, it is very essential to ensure the food security and strike the balance between the food supply and demand (Tian et al., 2018). With the increasing population, the decrease in arable land, accelerated urbanization and the improvement in people's livelihood, the Chinese increasingly need more and more food supply, the food supply fails to meet people's demands for food. Moreover, as a special commodity related to the national economy and people's livelihood, food is highly susceptible to non-traditional factors, such as food hegemony and biofuel development. Therefore, food security has become a long-term strategic task for China (Dai et al., 2020).

At present, remote sensing prediction model, statistical dynamic growth simulation model, meteorological yield prediction model and other technologies are applied for predicting the grain yield (Hayashi et al., 2018). Generally speaking, prediction models are the major method used to predict the future situation of food supply and demand and determine its potential impact on the world food market. For example, the United States Department of Agriculture (USDA) uses econometric methods to carry out long-term prediction of the production, consumption, and trade of major agricultural products in China. In addition, scholars have used a partial equilibrium model, to predict grain yield for the agricultural sector. The model is a global, non-regional economic model, including 35 countries and regions, 17 products, and it is a highly comprehensive model in nature. The model predicts that China's grain production will grow at an annual rate of 1.7 to 1.8 percent, reaching 640 to 660 million tons by 2030. Meanwhile, according to the prediction, China's food demand will range from 680 million tons to 717 million tons by 2030, with a gap of between 0.4 million and 57 million tons (Chao et al., 2018). A model is OECF model. It is used by the Overseas Foundation of Japan to forecast grain production and perform trend analysis without considering the effect of price.

In addition, techniques, such as time series model, regression model, systematic integrated factor forecasting method, simulation technology forecasting method, neural network forecasting method, chaos forecasting method, and gray forecasting method to forecast grain production (Fei and Xing, 2019). For example, he investment occupancy output technique and the variable coefficient forecasting model method were used to predict China's grain production, grain imports, and self-sufficiency rate by 2030. It is predicted that by 2030, China will produce 685 million tons of grain, import 50 million tons of grain, and have a self-sufficiency rate of about 93%. In addition, grain production can be divided into economic and technical production and meteorological production by calculating the climatic productivity, and the regression prediction model can be established by using the fertilizer application, percentage of planting area and monthly average temperature.

Located in the upper reaches of the Yangtze River, Chongqing is rich in biological resources and water resources, and has a developed agricultural industry, which has made a great contribution to China's grain production. In 2017, Chongqing accounted for only 3.02% of the country's arable land and 6.5% of the country's total grain production, making it the seventh largest grain-producing province and the highest rice production in China. The grain production of Chongqing not only meets the residents' requirements for better livelihood and higher income and development, but also makes an outstanding contribution to the national grain development, making Chongqing take a pivotal position in terms of the grain production in the whole country. However, in recent years, Chongqing has experienced prominent contradictions in agricultural structure, sloppy business models, serious shrinkage of arable land, and low motivation of farmers to grow grain, resulting in a declining trend of grain production in the past 2 years. It is urgent to analyze and study the grain production in Chongqing. Therefore, it is of great theoretical and practical significance to analyze the influencing factors of grain production in Chongqing, predict the future trend of grain output, and discuss the effective countermeasures to coordinate the contradiction between man and land. Through the analysis and research on the development pattern and prediction of grain yield in Chongqing, the forward-looking evaluation can be conducted on the evolution of grain production and development trend in Chongqing, and possible unreasonable phenomena and problems in the process of grain production can be detected in advance, to prevent and timely measures to solve these problems in advance, making the food production satisfy the market economy, and improving the efficiency of the government macroeconomy.

A prediction model was (Yafei et al., 2019) proposed based on principal component analysis (PCA) and particle swarm optimization (PSO) neural network. Firstly, the correlation coefficient between each influencing factor and grain yield is calculated, the principal component analysis method is used to reduce the dimension of the influencing factor, the reduced dimension factor is used as the input of the neural network, then the BP neural network is used to establish the grain yield prediction model. The PSO algorithm is adopted to optimize the weights and thresholds of the BP neural network, and finally the trained BP neural network is used to predict the grain yield value. Also, hydraulic processes in roots and the rhizosphere pertinent to increasing yield of water-limited grain crops have been proposed by some scholars (Ahmed-mutez et al., 2018): a critical review. According to a first-order approximation, the yield of water-limited food crops depends on (1) the amount of water available to the crops, and (2) the water distribution of the crops during the growing season. The water distribution of the crops during the growing season determines the harvest index of crops, that is, the proportion of aboveground biomass of crops that are converted into grains. A preferred condition is that about 30% of the seasonal available water supply is used during flowering and grain filling. This paper has analyzed the role of roots in the amount and time of extracting water from the soil, which may lead to maximum grain yield, and the mechanisms behind. These features can be categorized into architectural and anatomical features; the biophysics of water movement from soil through roots to leaves, particularly the nature and processes at the interface between roots and soil and the role of mucilage therein; and the physiological role of the root system in influencing crop canopy growth and transpiration processes that can optimize seasonal patterns of water use.

In order to predict the grain yield of Chongqing effectively, this study is based on the theory of support vector machine. As grain output is susceptible to factors related to production inputs, the level of cultivation technology, climate, environment and other natural conditions, national policy adjustment and other factors. Therefore, it is necessary to regard the formation process of food production as a gray dynamic system with both known information and unknown information, to avoid the mutual fluctuation of many external factors behind food production. At the same time, as a machine learning algorithm, support vector machine (SVM) is based on the VC dimension theory of statistical learning theory and the principle of structural risk minimization. It can minimize the actual predicted risk by minimizing the structural risk by reducing the structural risk to the minimum (Ye et al., 2020). Therefore, the algorithm can achieve a better learning result when the sample size is limited. In the process of grain production forecasting, support vector machine forecasting model is established by processing and analyzing the original data and understanding the development pattern of grain extraction and quantitative forecasting of the future condition of grain, the uniqueness and high accuracy of the required data. One of the most important functions for the model is to optimize the performance. Therefore, support vector function can make up for the shortage of econometric modeling. In this study, grain yield is taken as the behavioral characteristic quantity of support vector. An analysis and prediction model of grain yield is established using vector machine theory, and the model is optimized for prediction. On this basis, the internal change rule of grain system is studied, to make a more scientific and accurate prediction of grain production in Chongqing. A new adaptive learning support degree regression algorithm is designed to improve the prediction accuracy of grain yield. Instead of the error back propagation algorithm of BP neural network, the support vector machine algorithm is used to change the particle weights and thresholds in the BP neural network. The weights of the neural network can be obtained by determining particle parameters, and the fitness of particles can be determined through the training of the neural network. By adopting this method, BP neural network can no longer fall into the local optimum, thus effectively improving the prediction effect of grain yield.



2. Prediction method design


2.1. Design of support vector regression algorithm

In order to improve the prediction accuracy of grain yield, this study designs a new adaptive learning support quantity regression algorithm. The structure of support vector regression is shown in Figure 1.


[image: Figure 1]
FIGURE 1
 Structure diagram of support vector regression.


Generally speaking, in the application of support vector regression, it is necessary to define a class of undefined target variables before the learning model is established. However, such variables can hardly be defined accurately. In fact, this type of target variable is a comparative value and only requires a relative value used for comparison rather than a very precise definition (Zhang and Xu, 2019). However, the target variable is affected by many factors. Suppose these factors are defined as n-dimensional vector X(x1, x2, ⋯ , xn), X∈Rn is mapped to Y∈R, and the target variable Y can be defined as X↦Y(Rn↦R).

Then, the support vector regression algorithm established and applied to grain yield prediction can be expressed as the following steps:

Step 1: According to the index observation sample, construct a sample set D = {x1, x2, ⋯ , xi}∈X that defines the target variable.

Step 2: The target variable yi∈Y = R is calculated based on the algorithm of the target variable.

Step 3: [image: image] and yi∈Y = R are used to form the matrix A = (A1⋯Ai⋯), wherein,

[image: image]

Step 4: Calculate Ā, wherein, [image: image],āi∈Ā.

Step 5: Calculate covA.

Step 6: Calculate the partial correlation coefficient.

Step 7: In D, k rows corresponding to the largest k partial correlation coefficients are retained to convert D into D′∈Rk.

Step 8: The target variable [image: image] is recalculated using the target variable definition algorithm.

Step 9: On the basis of D′, the attributes that do not meet the criteria for the definition of the target variable but are very important for it are added to each sample (Yaodong, 2019), the non-useful attribute is deleted from X, then [image: image], thus constituting the training sample set T = {(x1, y1), ⋯ , (xi, yi)}∈(X, Y), where,[image: image], yi∈Y = R, i = 1, 2, ⋯ , n.

Step 10: Train the support vector regression machine about X and Y with Y as the reference variable.

Step 11: The definition of the support vector regression machine of the target variable is obtained:[image: image].

It is difficult to obtain the usage in this process, but the impact on the properties of the target variable to meet the strict increase or decrease in the loosely defined target variable, while using accessible impact factors, as well as properties with high practical value, has been defined roughly as the benchmark for the target variable, support vector regression machine, the implementation of the target variable non-linear definition. As a result, the definition of the target variable and the efficiency of the application are greatly improved (Bibb et al., 2018).

Based on the algorithm of support vector regression for grain yield prediction, the SVM is used to replace the error back propagation of BP neural network and change the particle weight and threshold, to realize the grain yield prediction of Chongqing.



2.2. Prediction of grain output in Chongqing

By determining the particle parameters, the weights of the neural network can be obtained and the fitness of the particles can be determined through the training of the neural network. Therefore, BP neural network can hardly fall into the local optimum, and thus effectively the prediction effect of grain yield is improved.

The prediction process of grain yield in Chongqing is as follows:

Step 1: Pre-processing of historical data of grain yield in Chongqing.

The historical data of grain yield are analyzed by using support vector machine. The influencing factors are determined and used as initial parameters to normalize the historical data of grain yield (Weichert et al., 2017).

Step 2: Initialize the neural network and construct the neural network.

Support vector machine is one of the basic structures of neural network. Therefore, the number of nodes in the input and output layers of the neural network can be determined based on the input and output data of the neural network. In this process, there is no value algorithm that can be used directly in the selection of the number of nodes in the hidden layer, so an empirical method is adopted instead to select the number of nodes in the hidden layer, i.e., the number of nodes in the hidden layer that works best after several experiments (Tadesse et al., 2018). In addition, attention should be paid to avoid the adverse effects of the initial settings on the convergence speed and accuracy of the network.

Step 3: Set the initial parameters, including the position and speed of particles, learning factors and other parameters required by the algorithm.

Step 4: The support vector regression algorithm designed in the previous section is used to determine the optimal particle of grain yield population N in Chongqing. The particle positions and velocities are updated by successive iterations. In the whole process of iterative updating, the optimal position searched by the qth particle is the individual extreme value and the global extreme value.

Step 5: Calculate the fitness value.

Fitness can be used to determine whether the current particle position is optimal position. In the process of successive iteration and update, each particle moves through the solution space at a set speed, and keeps converging to the individual best position pbest and the global best position gbest. The fitness function of grain yield prediction is set as:

[image: image]

Where, fitness represents the fitness function of grain yield prediction, b is usually a constant, ei represents the expected output value of the neural network, and ti means the actual output value of the neural network.

The fitness value adopted in this study is a linear function of the mean square error and reciprocal between the actual value and the predicted value. The smaller the error is, the larger the corresponding fitness value is and the better its fitness is (Sundaram et al., 2018).

Step 6: Update individual extreme values and group global extreme values.

The fitness value of the calculated current fitness value of each particle is compared with the fitness value of the individual extremum. In comparison, if the current particle has a better fitness value than the individual, the current particle's position is assigned to the individual's extreme value. Then, the fitness value of the individual extreme value of each particle is compared with the fitness value of the global extreme value of the population, and the individual extreme of the particle with the better fitness value is selected and the value is assigned to the global extreme of the population.

Step 7: Determine whether the termination condition is satisfied, that is, whether the expected convergence accuracy is achieved. In this process, the global optimal solution obtained above should be applied to search the weight and threshold of BP neural network. If the termination condition is not met, repeat Step 4 to 6 until the termination condition is met.

Step 8: Achieve grain yield prediction.

The BP neural network with the optimal weight and threshold is used to predict the grain yield.

The grain yield prediction process is shown in Figure 2.


[image: Figure 2]
FIGURE 2
 Schematic diagram of predicting the grain yield.


In conclusion, by introducing the structure of support vector regression, the implementation of support vector regression algorithm for grain yield prediction was designed, and the algorithm design of support vector regression was completed. On this basis, the effective prediction of grain yield in Chongqing is realized by searching the optimal particle weight and threshold of neural network.




3. Empirical analysis of grain yield prediction in Chongqing

In order to verify the effectiveness of the prediction method of grain yield in Chongqing based on support vector machine designed in this study, and to carry out effective prediction of grain yield in Chongqing, this study designs the following experimental verification and empirical analysis.


3.1. Prediction and testing of total grain output

The total grain yield in Chongqing has shown a linear trend in the past 5 years. In order to ensure the stability and similarity of the original data, the support vector machine model only needs “poor data.” The historical data of grain output in Chongqing are shown in Table 1 (Yao et al., 2020).


TABLE 1 Statistics on total grain yield of Chongqing from 2015 to 2019.

[image: Table 1]

When the total grain production development coefficient of Chongqing a = 0.022509922 ≤ 0.3, the total grain production model of Chongqing can predict medium—and long-term trend.

According to the above historical data of grain yield in Chongqing, the corresponding time function can be obtained as follows:

[image: image]

At k = 0, 1, 2, ⋯ , n, the predicted value of the original sequence can be obtained based on [image: image]. As shown in Table 2, the prediction results of grain output in Chongqing in recent 5 years are obtained based on the prediction method designed in this study (Yao et al., 2020).


TABLE 2 Prediction of total grain output of Chongqing municipality.

[image: Table 2]

By comparing the results in Tables 1, 2, the prediction results of Chongqing grain yield prediction method based on support vector machine designed in this study are close to the actual results, indicating the effectiveness of the method.

According to the results in Table 2, the total grain output of Chongqing shows a trend of continuous growth. From 2015 to 2019, the grain production in Chongqing exceeds 430 million tons, 460 million tons, 480,000 tons, 49,000 tons and 50,000 tons, respectively. There is no doubt that the formation of such a sustained growth trend is closely related to the preferential agricultural policies of the Central Committee of the Communist Party of China and the State Council, thus enhancing the enthusiasm of farmers to grow grain. In addition, with the continuous scientific and technological development, the grain yield per unit area has been constantly improved, to expand the grain yield on the limited farmland.

On this basis, a support vector machine-based grain yield forecasting method is applied to examine the residuals of grain yield forecasts for 2015–2019 in Chongqing. The results are shown in Table 3.


TABLE 3 Residual test of forecast total grain output in Chongqing.

[image: Table 3]

According to the data shown in Table 3, the relative error of the prediction results of Chongqing grain yield prediction method based on support vector machine is < 1%, and the average residual is 0.46%. According to the residual test criteria, the model passed the residual test. Therefore, the validity of grain yield prediction based on support vector machine in Chongqing can be further illustrated.



3.2. Yield prediction and result analysis of main grain varieties

On the basis of the preliminary verification of the effectiveness of the support vector machine based grain yield prediction method in Chongqing, the method is applied to predict the yield of rice, wheat and corn in Chongqing and is compared with the historical data so as to verify the effectiveness of the method in predicting the yield of different crops.


3.2.1. Prediction and testing of rice yield

Combined with Chongqing rice yield from 2015 to 2019, the residual test results of predicted rice yield in Chongqing are shown in Table 4 (Yao et al., 2020).


TABLE 4 Residual test of predicted rice yield in Chongqing from 2015 to 2019.

[image: Table 4]

Based on Table 4, the predicted value of total rice output in Chongqing will increase steadily year by year. The projected output from 2015 to 2019 is 16.0656 m tons, 17.85627 m tons, 18.0739 m tons, 18.29431 m tons and 18.51734 m tons, respectively. It will reach the highest level ever by 2019. The relative errors of the rice yield model in Chongqing are all < 0.7%, so the model can pass the residual test. As shown in Figure 3, the fitting of the actual value and the predicted value of the predicted rice yield in Chongqing is described. The fitting degree of the actual value and the predicted value of the rice yield prediction in Chongqing is very high, and it can fully demonstrate that the prediction method of Chongqing grain yield based on support vector machine can effectively achieve accurate prediction of rice production in Chongqing.


[image: Figure 3]
FIGURE 3
 The fitting results of actual value and predicted value of rice yield forecast in Chongqing city.




3.2.2. Wheat yield prediction and testing

Combined with Chongqing wheat yield from 2015 to 2019, the residual test results of wheat yield prediction in Chongqing are shown in Table 5.


TABLE 5 Residual test of wheat yield prediction in Chongqing from 2015 to 2019.

[image: Table 5]

As it is illustrated in Table 5, the projected output from 2015 to 2019 is 86.488 million tons, 92.5989 million tons, 98.4556 million tons, 104.6826 million tons and 111.3035 million tons, respectively. The year 2019 witnessed the historical peak. The relative errors of the rice yield model in Chongqing are all < 3.5%, so the model can pass the residual test. As shown in Figure 4, the fitting of actual and predicted wheat yield forecasts in Chongqing is described. The actual value and the predicted value of the wheat yield forecast in Chongqing have a high degree of fit, which can fully demonstrate that the prediction method of Chongqing grain yield based on support vector machine can effectively realize the accurate prediction of the rice yield in Chongqing.


[image: Figure 4]
FIGURE 4
 Fitting results of actual value and predicted value of wheat yield prediction in Chongqing city.




3.2.3. Corn yield prediction and testing

Combined with Chongqing maize yield from 2015 to 2019, the residual test results of corn yield prediction in Chongqing are shown in Table 6.


TABLE 6 Residual test of corn yield prediction in Chongqing from 2015 to 2019.

[image: Table 6]

Based on Table 6, the projected output from 2015 to 2019 is 115.833 million tons, 131.997 million tons, 139.2914 million tons, 147.082 million tons and 155.1525 million tons, and will reach the highest level in history by 2019. The relative errors of the maize yield model in Chongqing are all < 3.1%, and the model can pass the residual test. As shown in Figure 5, the fitting of the actual value and the predicted value of corn yield prediction in Chongqing is described. The actual value and the predicted value of the corn yield in Chongqing are highly fit with each other and they can fully demonstrate that the method of grain yield prediction based on support vector machine can effectively realize the accurate prediction of corn yield in Chongqing.


[image: Figure 5]
FIGURE 5
 Fitting results of actual value and predicted value of corn yield forecast in Chongqing city.


Based on the above data, the prediction result of Chongqing grain yield prediction method based on support vector machine is highly fitting with the actual grain yield, so this method can be used for medium- and long-term prediction.

From the prediction results of support vector machine, the total grain production and the output of major grain varieties in Chongqing tend to grow continuously year by year. This has laid a solid foundation for ensuring food security in Chongqing in the coming years. However, as there are many factors behind the grain output, the grain production in Chongqing still faces some new challenges.

Adaptive neuro-fuzzy inference system and weighted k-nearest neighbor algorithm are compared with the proposed methods. The comparison results of different methods for corn yield prediction in Chongqing are shown in Figure 6.


[image: Figure 6]
FIGURE 6
 Comparison of yield prediction results of maize, rice and wheat with different methods in Chongqing. (A) Corn yield. (B) Rice yield. (C) Wheat yield.


Based on Figure 6, the prediction results of Chongqing grain yield prediction method based on support vector machine are highly fit with the actual output and it can be used for medium- and long-term prediction. However, the prediction results of Adaptive neuro-fuzzy inference system and weighted k-nearest neighbor algorithm have a low fit with the actual output. The results show that the grain yield forecasting method based on support vector machine can effectively realize the accurate forecast of maize, rice and wheat yield in Chongqing.





4. Conclusions

In this study, a new method for predicting agricultural grain production in Chongqing was designed by using support vector machine, and good results were obtained.

Support vector machine (SVM) has good performance in grain yield prediction, but there are some difficulties in the application of SVM. Therefore, in the future, the prediction method will be further optimized to provide theoretical guidance for the selection of kernel functions and parameters in the field of support vector machine (SVM) algorithm, and also to resolve the contradiction between large-scale data sets and training set size and training speed to provide more advanced grain production prediction and effective technical support.
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