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Abstract
This paper first collects official data from the National Bureau of Statistics of China, and then screens the commonly used forecasting methods, and selects the forecasting methods that are relatively suitable for use in food, namely Exponential Smoothing, Grey GM(1,1), Support Vector Machines and Regression Analysis Methods, and using Python as a modeling tool, model and implement a single prediction model respectively, and evaluate the grain yield prediction according to the modeling results. Finally, use different weight assignment methods to assign a certain weight to each individual forecasting model, combine multiple single forecasting models into a new forecasting model, and carry out modeling predictions one by one. The experimental results show that the combined forecasting model with the reciprocal variance method has the best forecasting effect, and its average relative error is smaller than that of the single forecasting model when it is used to forecast grain yield.
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[bookmark: _Toc8358]CHAPTER 1: INTRODUCTION
1.1. [bookmark: _Toc8397][bookmark: _Toc23976][bookmark: _Toc31298]Research Background and Significance
Grain is the basic means of life for human survival, social progress and economic development, and an important commodity that affects the national economy and people's livelihood. The level of grain output also seriously affects the food security system and thus whether it can meet the needs of people's survival. It is an important part of the entire national security system.
With the gradual acceleration of the modernization process, my country has begun to pay more attention to traditional agricultural data. Food security has been paid more and more attention in the development of my country's national economy. The stability of a country depends on the most basic material guarantee, which is basically to ensure the security of grain output. For farmers who traditionally grow grain in our country, grain is their source of income. Without food security, there will be no development of the national economy. To stabilize food security is to maintain national security. Food is the source of all things in people's lives. If any country wants to develop, it cannot do without food security. The country wants to be stronger, self-sufficient food production is essential, and the grasp of food production data is imminent. Therefore, the use of information technology to ensure food security is of greater significance to the development of my country's national economy and the stability of national security.
In order to ensure the safety of grain in the next decades or even hundreds of years, it is necessary to accurately predict it, so that state agencies and local governments can understand the trend of future grain output, make adjustments to the production structure in advance, and ensure that the grain output is guaranteed every year. If there is more than enough, in the end, the progress of the whole society, the development of the economy and the security of the country can be guaranteed. Therefore, the country's security is closely related to the accurate prediction of grain output, which is very necessary.
First, the forecast of grain output affects the construction of modern agriculture. For all countries in the world, no matter they are in traditional agriculture or modern agriculture, agriculture is always the top priority of national development, food is always an important guarantee for people's survival, and the production of food is always economic development and social progress. important strategy. At present, my country has begun to take the road of agricultural modernization with Chinese characteristics. At this time, the prediction of grain output will help to adjust the structure of grain production, reform the varieties of grain production, and it will also help governments across the country to plan for grain production. and adjust strategies to promote the development and construction of modern agriculture.
Second, the forecast of grain output affects the institutional reform of grain circulation. In order to form a unified market across the country, it is necessary to conduct research on food products and varieties in different regions, and strive to achieve mutual cooperation and common development in this market. In this way, on the premise of making full use of local resources, the cost of food circulation is greatly reduced, and the rationalization of agricultural production among different regions is promoted, and finally the grains among different regions tend to be balanced.
Therefore, the accurate prediction of grain output can provide a basis for the country to make scientific decisions, and it is very important to promote the strategic adjustment of my country's economic structure, ensure the stability of my country's economic development, and ensure the country's food security.
1.2. [bookmark: _Toc5952][bookmark: _Toc9215][bookmark: _Toc29872][bookmark: _Toc15747]Research Content
For grain yield prediction, we can choose only a single grain yield time series to predict future grain yield, or we can choose multiple influencing factors for regression or other forms of modeling. Since there are many factors affecting grain production, it is difficult to determine the selection of influencing factors, and it is difficult to ensure the quality of each factor data. Selecting as few data samples as possible will result in higher prediction accuracy. According to the nonlinear prediction theory, the more complex the system, the more false information will be generated. There is no direct connection between many factors with strong correlation. On the contrary, those factors that are discontinuous and difficult to quantify have an impact on grain yield. Playing a decisive role, the strong correlation between the factors affecting grain yield may be counterproductive to the establishment of the prediction model, resulting in an increase in the complexity of the model.
Therefore, the grain yield prediction model proposed in this paper adopts the simplest method when selecting sample data, that is, using the grain yield data over the years for modeling prediction, without exploring the relationship between grain yield influencing factors and grain yield. The complex relationship simplifies the consideration of factors affecting grain yield, and this simplification may make the model have higher prediction accuracy and generalization ability.
This paper firstly collects official data from the National Bureau of Statistics of China, and then selects the commonly used forecasting methods to select the forecasting methods that are relatively suitable for use in food, namely Exponential Smoothing Method, Grey GM(1,1), Support Vector Machine and Regression Analysis Method, and use Python as a modeling tool to model and implement a single prediction model, and evaluate the grain yield prediction according to the modeling results. Finally, use different weight assignment methods to assign a certain weight to each individual prediction model, combine multiple single prediction models into a new prediction model, and screen out a combination with higher accuracy to achieve better grain yield Accurate predictions. The following figure shows the modeling process of the combined model:


Figure 1 Modeling process











[bookmark: _Toc43040066][bookmark: _Toc11743]CHAPTER 2: LITERATURE REVIEW
Agricultural production forecast is directly related to crop production and market regulation. If the yield can be accurately predicted, the types of crops, planting area, and pesticide spraying amount can be controlled. For the prediction of grain yield, correlation analysis and principal component analysis methods are initially used, which need to consider important factors affecting crop yield. Due to the existence of polynomials and endogenous terms, there are many restrictions between the yield and variables in the grain yield model, and the nonlinear relationship has a large error, so that this method cannot achieve the desired effect on the prediction of grain yield.
With the continuous improvement of forecasting technology, researchers have studied grain yield forecasting methods from different perspectives, and have proposed many commonly used methods: remote sensing technology forecasting methods, meteorological yield forecasting methods, regression analysis forecasting methods, time series forecasting methods, Machine learning prediction methods, etc.
The remote sensing technology prediction method combines detection technology with crop yield. According to the characteristics of crops, the principle of electromagnetic waves is applied, the information is reflected to the satellite, and the yield value is predicted according to the spectrum [1]. Haghighattalab A, Crain J [2], etc. used drones to predict remote sensing models, and used drone cameras to collect the actual yield of wheat in the region in different environments, and finally conduct predictive analysis. Kaul M , Hill RL and Walthall C [3] used remote sensing technology to predict the corn and soybean yields in Maryland, USA, and compared this model with the regression prediction model, and the prediction accuracy was higher than that of the regression model. Wit A and Diepen C used remote sensing satellite technology to analyze the soil moisture of cultivated land in Spain, France, Italy and Germany from 1992 to 2000, and then predicted the yield data of corn and winter wheat in the next year. The data needs to be revised [4]. This is because the key of remote sensing prediction technology is to use surface crops that have grown to a certain stage, so if the crops do not reach this stage, the prediction accuracy will be greatly deviated [5][6].
The principle of meteorological yield prediction is based on the statistics of meteorological results. Since meteorological conditions affect the yield of crops, its meteorological characteristics and the values of related influencing factors are combined to establish a grain yield model [7-9] to predict grain yield. Phillips[10] et al. made corresponding predictions on the total grain volume of some African countries through the analysis of seasonal climate; Fox[11] et al. analyzed the influence of precipitation changes on the growth of winter wheat; Coelho and Caio[12] After analyzing the seasonal information, a model applied to seasonal forecasting is constructed. In general, due to the contingency of meteorological changes and the large differences in meteorology between different regions, the meteorological productivity forecasting method cannot be used for large-scale medium and long-term forecasting, and the model can only be applied to small-scale field forecasting [3].
The regression analysis prediction method [13], based on the recorded grain yield data, uses regression equations to fit and analyze the internal correlation of grain yield data, and finally establishes a prediction model to obtain the grain yield forecast. Jianhua Wu[14] used a linear regression model to predict my country's total grain output in 2020 and 2030.
The time series forecasting method [15-16], based on the recorded grain yield data, analyzes the variation law of grain yield data, establishes and extends the variation law model, and predicts the development trend in the next moment or several years later. Common time series methods include Grey Model (GM), Autoregressive Integrated Moving Average model (ARIMA), etc. P. MISHRA[17] and others selected the total grain output of India and its major states from 1950 to 2009, and used the ARIMA model to study the stability of total grain output, grain planting area and grain production factors; Vijendra K. Boken [18] used the Classical time series analysis models: AR, ARMA and ARIMA etc. forecast the yield of spring wheat in Saskatchewan, Canada; Kelei Yang et al. [19] applied Grey theory and used the GM method in the Grey system to establish my country's grain production. Yield GM(1,1) prediction model. China's grain production in the next few years is forecasted. The forecasting results show that the Grey forecasting method is an effective medium and short-term grain yield forecasting method. Based on the time series model, Shaosen Lin[20] analyzed the prediction results of other models and found that the exponential smoothing method had better prediction effect.
The machine learning prediction method, based on the recorded data of grain yield and its influencing factors, with the powerful computing performance of the computer, fully taps the non-linear correlation within grain yield data and between grain yield and influencing factors, establishes correlation model, and finally obtains grain prediction Yield. Common machine learning methods include smooth exponential method, Support Vector Regression (SVR), Back propagation (BP), Random forest Regression (RFR), etc. Vapnik et al. [21] proposed a support vector machine-based pattern recognition and regression method according to statistical learning theory. Wei Cheng et al. [22] used the support vector machine algorithm to predict the grain yield in China, and the results showed that the radial basis kernel function model of the support vector machine had better accuracy than other forecasting methods in predicting grain yield. Luqing Rong, Fei Chen[23], etc. selected the 2004-2014 Guangxi grain yield data as the sample input, and established a BP neural network prediction model based on the grain yield data of Guangxi Province.
Through the above analysis, it is found that in the field of grain yield prediction, Exponential Smoothing Method, Grey GM (1,1), Support Vector Machine and Regression Analysis Method are widely used and have better prediction effect. Lingzhi Chi[24] first used the single exponential smoothing method for prediction. In the research process, the determination of the smoothing coefficient and the consideration of the model accuracy are inseparable. If the smoothing coefficients used are different, the final result may also exist. difference. Houjun Liang[25] and others established a Grey prediction model of crop yield based on Grey system theory. Chen Chen, Haiyun Wu[26], etc. adopted the support vector machine regression (SVR) algorithm, and applied the support vector regression algorithm to establish a Chinese grain yield prediction model. Obtain the optimal parameters, and finally use the historical data of the past years to perform function fitting to obtain a new grain yield prediction model. Finally, the data of the future years can be used to predict the grain yield. Chunhui Wang et al. [27] used the multiple linear regression model to predict the wheat grain yield in Jiangsu Province, and obtained a good prediction effect. Yuling Lu et al. [28] proposed to establish a multiple regression prediction model for grain yield, which introduced the use of chemical fertilizers and pesticides. Pengbo Li , Xiaoran Yan [29] and others selected the 2011 grain production data set in Hebei Province, and analyzed the natural and economic factors affecting grain production according to the grain production process and grain demand. There are a total of 8 indicators, and traditional Multiple linear regression method is used for modeling analysis and prediction.
In the forecasting process, regression analysis, gray forecasting, neural network and other models can be helpful to the forecasting and analysis of grain yield data, but each model has its own limitations, and it is difficult to use a single model for forecasting. ideal prediction accuracy. In recent years, more and more scholars have begun to study the combined prediction model of grain yield. Shouyan Feng [30] and others applied the combination model to the yield prediction model, first determined the weight of the combination model, and then predicted and analyzed the grain yield. Bo Wang [31] used the annual grain yield statistics of Jilin Province to determine the weights according to the optimal weighting theory, combined the exponential smoothing model and the GM(1,1) forecasting model, and established a combined forecasting model of grain yield in Jilin Province. And predicted the annual grain output and average annual growth rate of Jilin Province. Peiling Xiao, Junhai Ma, and Liyan Geng [32] combined the gray prediction model with the support vector machine in view of the respective advantages of the gray prediction model and the support vector machine, and proposed a combined gray support vector machine model, and applied the model to the prediction of peanut yield.
At present, the combined prediction model of grain yield improves the prediction accuracy to a certain extent, but most of them are the combination of two individual models. In order to further improve the accuracy of grain yield forecasting, this study will combine multiple individual models and use mathematical methods to assign a certain weight to each individual forecasting model to complete the combined forecasting purpose. Then compare the accuracy, and distribute the weight according to the optimal weight distribution method in the combined prediction method, thereby generating an optimal grain prediction model.
To sum up, each of the existing models has its own characteristics and shortcomings: there are few sample data, and many models are more suitable for short-term grain yield prediction. In this process, exponential smoothing is used. , the goal can be achieved; and for the medium and long-term grain production forecast, its structure is more complex and there are more influencing factors, at this time, the gray forecast model can be used. Generally speaking, most of the regression models are used to analyze specific influencing factors. Therefore, selecting an appropriate model for combined prediction can effectively increase the accuracy of the prediction, thereby realizing the planning and adjustment of the research content.























[bookmark: _Toc8203][bookmark: _Toc43040067]CHAPTER 3: THEORETICAL BASIS AND RESEARCH METHODOLOGY
[bookmark: _Toc31649][bookmark: _Toc32749][bookmark: _Toc31365][bookmark: _Toc28959]3.1. Theoretical Basis of Prediction
[bookmark: _Toc5633][bookmark: _Toc9274][bookmark: _Toc30239][bookmark: _Toc15600]3.1.1. Types of Predictions
We can make predictions by using reasonable reasoning by people with knowledge in a certain field, or by mining the hidden patterns in precise data. No forecasting method is absolutely effective, and what works in one setting may be completely inapplicable in another, and forecasting is limited, but there is hardly a business that doesn't make forecasts and waits until something happens. Before taking action, forecasting is necessary to provide a sound scientific basis for decision-making.
There are many ways to classify predictions, and it is difficult to accurately classify predictions. For instance, predictions can be divided into scientific predictions, military predictions, social predictions, and technical predictions. Forecast, economic and financial forecast, etc. See the table below for other classification methods.
Table 1 Predicted classification
	Predicted Classification
	Specific Classification

	Predicted Content
	Scientific forecasting, military forecasting, social forecasting, technical forecasting, economic and financial forecasting, etc.

	Forecast Period
	Short-term forecast, medium-term forecast, long-term forecast

	The Nature of Prediction
	Qualitative forecasting, quantitative forecasting, comprehensive forecasting, etc.


Generally speaking, when the sample data we collect is not comprehensive, we often use qualitative forecasting techniques that rely on expert experience for forecasting. This method is mainly used to compare macroscopic medium and long-term forecasts. The accuracy of qualitative forecast mainly depends on the forecaster's experience, theory, business level, grasped situation and analytical judgment ability. Delphi method, expert judgment method, brainstorming generalized method and intuitive method are commonly used for qualitative prediction. Quantitative methods refer to methods that can be predicted by modern mathematical methods after collecting, dividing, processing and processing historical and existing data or information. Quantitative prediction methods mainly include traditional statistical methods based on mathematics, probability theory and mathematical statistics, and new methods of machine learning prediction represented by support vector machines.
[bookmark: _Toc13610][bookmark: _Toc17680][bookmark: _Toc30021][bookmark: _Toc30559]3.1.2. Prediction Steps
The forecasting process generally involves the following steps:
1、 Problem description and data collection. The problem determines the appropriate data. Selecting and collecting the right data is a time-consuming and challenging task, and if the right data is not available, the problem may have to be redefined or non-quantitative forecasting methods used.
2、 Data manipulation and processing. It is very likely that there is a lot of data and very little data that is actually usable. We must eliminate data irrelevant to the problem, estimate missing values, convert units, accumulate and generalize from several original data, and so on.
3、 Modeling and evaluation. This involves the selection of forecasting methods. The forecasting method must be suitable for the essential characteristics of the predicted social and economic phenomena and adapt to the changes in the internal and external conditions of the forecast object. Correctly selecting the forecasting model is a very critical step.
4、 Model implementation. Substitute the collected data into a forecasting model with the smallest forecast error. After determining the model parameters, the prediction model can be used for prediction. In quantitative prediction, it should be noted that the known data or predicted data of some variables are substituted into the prediction model to obtain the predicted values of other variables.
5、Predictive evaluation. The main purpose is to analyze the prediction error, that is, the deviation between the actual value and the predicted value, to illustrate the accuracy of the prediction.
[bookmark: _Toc27583]3.2. Research Methods for Small Sample Data
[bookmark: _Toc30168][bookmark: _Toc5009][bookmark: _Toc7462][bookmark: _Toc12035]3.2.1. Exponential Smoothing
1、 Overview of Exponential Smoothing
Data analysis based on time series is a dynamic data processing method, which sorts the data of a certain system according to time changes, reveals the law of data changes with time, and infers the future development trend of the series accordingly. Among the many methods of time series forecasting, exponential smoothing forecasting is one of the more important methods.
It is mainly used to track the transformation of data, and use the weighted calculation of past data to predict the development of future data. Exponential smoothing is often used for short- and medium-term time series forecasting. By adjusting the smoothing coefficient, the response speed of data changes can be adjusted to reflect the impact of current data on future data.
The basic form of exponential smoothing method is to give different weights  and （） respectively, according to the actual value of the current period and the predicted value of the current period , and calculate the weighted average as the predicted value of the next period .
The exponential smoothing formula is derived from the moving average formula:
A known：，
 is the average value of , which can approximately represent any of the values. Substitute  into  instead of ,

Let  replace  and  replace , then the above formula becomes

This formula is the basic formula of exponential smoothing method.
In the formula,  is the exponentially smoothed average in period t;  is the observed value in period t;  is the exponentially smoothed average in period t-1;  is the smoothing coefficient, and its value range is: .
And because the exponential smoothing method uses the exponential smoothing average of the t period as the forecast value of the t+1 period, the above formula can be written as:

The above formula is the basic forecast formula of the exponential smoothing method, which is the exponential smoothing forecast value in the t+1 period.
2、 Exponential Smoothing Prediction Model
Exponential Smoothing Forecasting Model adopts exponential smoothing formula to realize forecasting, which is an important model in time series forecasting model. At present, there are many exponential smoothing forecasting models. Usually, the commonly used exponential smoothing forecasting models are divided into one exponential smoothing forecasting model, two exponential smoothing forecasting model and three exponential smoothing forecasting model according to the different smoothing times.
（1）One-time Exponential Smoothing Model
If the time series does not show a clear trend change, an exponential smoothing forecasting model can be used for forecasting. The one-time exponential smoothing model is based on the one-time exponential smoothing formula.Assuming that the time series is , the formula for an exponential smoothing is:

When the time series shows a horizontal trend without obvious upward or downward fluctuations, the one-time exponential smoothing value of the current period can be used as the forecast value for the next period. Therefore, the one-time exponential smoothing prediction model is:

Where  represents the predicted value of the t+1 period;  is the exponential smoothing value of the t period;  represents the actual observed value of the t period;  represents the predicted value of the t period, that is, the first exponential smoothing value  of the t-1 period.
（2）Quadratic Exponential Smoothing Mode
When the change of the time series shows a linear trend, the quadratic exponential smoothing model should be used. The quadratic exponential smoothing model can also be called a linear model. It uses the same smoothing coefficient to perform another exponential smoothing on the basis of the first smoothing to obtain a quadratic exponential smoothing formula, and then establishes a linear prediction model based on the quadratic smoothing formula. , the quadratic exponential model.
The formula for quadratic exponential smoothing is:

In the formula, ， are the secondary exponential smoothing values in the t period and t-1 period respectively, and  is the first exponential smoothing value in the t period.
Using the quadratic exponential smoothing values ，, the established quadratic exponential prediction model is:



In the formula,  represents the predicted value of the t+m period; m represents the number of forecast periods after the t period;  represent the parameters in the model.
（3）Triple Exponential Smoothing Model
When the change trend of the time series is represented by a quadratic curve, a cubic exponential smoothing model is generally used for prediction. The cubic exponential smoothing model, also known as the quadratic curve model, is a nonlinear model that is based on the cubic exponential smoothing value. The triple exponential smoothing value is to smooth the second exponential smoothing value again. The calculation formula is: 

In the formula,  are the triple exponential smoothing values in the t period and t-1 period respectively;  is the second exponential smoothing value in the t period.
The quadratic curve model based on cubic exponential smoothing is: 




In the formula,  represents the predicted value of period t+m;  represent the first, second, and third exponential smoothing values of the t period, respectively.
Theoretically, no matter how complex the basic trend of the time series is, a good exponential smoothing prediction model can be established by using the smoothing formula of high-order exponential smoothing, but the amount of calculation will also increase.
[bookmark: _Toc6305][bookmark: _Toc27122][bookmark: _Toc25252][bookmark: _Toc1693]3.2.2. Grey GM(1,1)
In terms of data processing, it is necessary to perform a series of cumulative and subtractive generation on the data, and then find the regularity of data evolution by generating gray sequences. The gray forecasting model is an exponential fitting curve based on the least squares method. It has the properties of differential, differential and exponential compatibility. Therefore, a good forecasting effect can be achieved without a large amount of time series data when the model is established. Higher precision requirements.
With n observation data , perform an accumulation operation on the set  to obtain , where the specific acquisition process of  is:

The specific process of obtaining the adjacent mean generation sequence ， of  and  is as follows:

Construct the GM(1, 1) model gray equation and whitening differential equation about the original sequence , the one-accumulation operand sequence , and the next-to-average generation sequence 


Where  represents the development coefficient, and  represents the grey action.
The parameter sequence  is estimated with the help of the principle of least squares, and the parameter sequence when  reaches the minimum value is , where:

In the above formula, B represents the data matrix, and Y represents the parameter vector.
Solve the above gray equation and whitening differential equation to obtain the time response sequence for a sequence of accumulation operations :

Finally, the cumulative subtraction process is performed to obtain the final fitting value  of the gray GM(1,1) model. The obtaining process is as follows:

[bookmark: _Toc22601]3.2.3. Support Vector Machines (Support Vector Machine Regression)
Support vector machines are proposed on the basis of the vector dimension theory and the structural risk minimization principle of traditional learning theory. Compared with traditional statistics, it is a method of learning, classification, prediction and regression on small sample data. This theory establishes a new theoretical system for the small sample problem. Statistical inference rules for theoretical systems not only take into account the requirement of progressive performance, but also achieve optimal results in the pursuit of limited available information. The model is trained on the training set and then predicted on the test set.
Support vector machines are used in various regression problems and have achieved good results in grain yield prediction. The application of the support vector regression algorithm in the prediction of the grain yield dataset is as follows:
Let the eigenvectors of factors influencing grain yield in the Kth year be , grain yield be , given training samples: ，, then the support vector machine function is a nonlinear function:

In the formula,  is the nonlinear mapping in the high-dimensional space, the variable reflects the complexity of the function, and  and  are the parameters that need to be determined. Assuming that the tolerable deviation is , the problem in the support vector regression algorithm can be transformed into:

In the formula,  is the loss function,  is the penalty factor, and slack variables  are introduced, and the formula can be optimized as

Introduce the Lagrangian equation, and then calculate the partial derivatives for  and , respectively, and set the partial derivative result to be 0, the dual optimization form of the above formula can be obtained:

Solve the above formula to get the final support vector regression function:

Among  is the kernel function. In the grain yield prediction model, the function of the kernel function of support vector regression is to project the one-dimensional grain yield influencing factors into a high-dimensional space, so that all influencing factors can be projected onto the hyperplane of the high-dimensional space to solve the problem of grain yield prediction. Nonlinear problems with data in .
Common kernel functions are:
（1）Radial Basis (RBF) Kernel Kunction (also known as Gaussian kernel function)

（2）Polynomial Kernel Function

（3）Sigmoid Kernel Function

Compared with other kernel functions, the radial basis kernel function has fewer parameters, and the number of parameters directly affects the complexity of the model selection, so the applicability of the kernel function is very wide. Through the selection of kernel parameters, it can be applied to any distributed samples. Applying this kernel function for training modeling without prior knowledge, the overall performance of the resulting model is higher.
[bookmark: _Toc981][bookmark: _Toc16372][bookmark: _Toc25545][bookmark: _Toc20763]3.2.4. Regression Analysis
1、 Univariate Linear Regression Model
A linear regression model with only one explanatory variable is called a univariate linear regression model. This regression is used to reveal the linear relationship between two variables. Its basic model is: 

The formula shows that the change of the explained variable  may be caused by two different reasons.  is a constant term in regression,  is a coefficient in regression, and variable  is a random error. Since linear regression requires random error to obey a normal distribution with a mean of 0, its expectation should be 0. Taking the mean of this formula, we have

This formula is called a univariate linear regression equation. 
The main task of the analytical model is to estimate the regression constants  and  in the regression equation. For the parameter estimation of the sample data, the resulting parameters are the estimated values of  and , and they are true values, denoted as  and , so we have

In the formula,  is the estimate of the mean value  of the explained variable corresponding to the value of the explanatory variable ;  and  are the estimators of the regression constant  and the regression coefficient  in the multiple linear regression equation, respectively, and  is the sample regression equation’s constant term,  is the regression coefficient. After estimating the values of  and  according to the sample observation data, this formula can be used as a prediction model, that is, a univariate regression prediction model.
2、 Multiple Linear Regression Model
In reality, it is difficult to analyze the actual development of a thing with only one explanatory variable, and a simple linear regression model cannot solve the analysis of multi-factor problems, so we need to continue to seek regressions with more explanatory variables analytical method.
The multiple linear regression model is different from the univariate linear regression model, it can have more explanatory variables, and can clearly describe the linear relationship between several explanatory variables. 
Its basic model is:

Different from a simple univariate linear regression model,  is a constant term,  indicates the number of explanatory variables,  is the partial regression coefficient in the model, and the sample size is . This formula is also often referred to as the random expression of the overall regression function. Taking the mathematical expectation on both sides of this equation, we can get the following equation:

This equation is the so-called multiple linear regression equation. It is mainly used to test the unknown parameters in the formula. Since the sample data are used for parameters, that is, the final real value 、、、、...、, estimated value, denoted as 、、、、...、, so there are:

This formula is the basic multiple regression prediction model.
[bookmark: _Toc31998][bookmark: _Toc12055][bookmark: _Toc3302][bookmark: _Toc25074]3.3. Combined Forecast
[bookmark: _Toc24303]3.3.1. Introduction to the Combined Forecasting Model
At present, there are many models and methods for forecasting, but in practical application, various models have different applicable conditions, and it is difficult to find a method that is convenient to use and has more realistic and reasonable results. On the other hand, in forecasting practice, different forecasting methods are often used for the same problem. The main purpose of the combination is to comprehensively use the information provided by various methods to improve the prediction accuracy as much as possible.
The combined model is also called comprehensive prediction, and its principle is to assign certain weights to different single models. Calculate the weight coefficients to improve the accuracy of the prediction model. Combined forecasting brings together the methodological characteristics of each single forecasting model, so that it can be analyzed according to different perspectives.
Assuming that there is a single prediction method for the prediction object , let the th prediction value be ,i=1,2,…,m. The general expression for combined prediction is:

Model 1:
Among  is the weighting coefficients of various forecasting methods, and the general forecasting model expression form is:

Model 2:
The weighted geometric mean combined prediction model is expressed as:

Model 3:
Weighted Harmonic Average Combined Forecast Model:

[bookmark: _Toc13628]3.3.2. Combination Model Weight Calculation
The core of combined forecasting is to obtain the weighted average coefficient to make the combined forecasting model more effective and improve the forecasting accuracy.
1、 Arithmetic Mean

This normal one-way model provides the same weights. Usually, this method is most suitable when the user does not have a deep understanding of the cognitive model, so it is widely used in the analysis of various fields. The disadvantage is that it is difficult to achieve better results because the same weight is provided.
2、 Inverse Variance Method
This method belongs to the optimization of the arithmetic mean method. One of the core indicators that reflects the accuracy of the forecast is the sum of squares of the forecast errors. If the value is large, it means that there is a large error in the estimation method, and the proportion is relatively small. To make:

 is the sum of squared errors of the -th model

3、 Simple Weighting
This method belongs to the unequal weight average law. With the help of the corresponding variance of the estimated error of a single model, and sorting it out, according to the principle that the weight coefficient has a negative correlation with the same variance, the ranking of the model is higher, and the weight provided is lower.

In the formula,  templates are sorted in descending order according to the sum of squared errors .
[bookmark: _Toc22632][bookmark: _Toc14304][bookmark: _Toc230][bookmark: _Toc28536]3.4. Model Evaluation Indicators
In the modeling process of predicting grain yield, it is necessary to evaluate the grain yield prediction model and training results. The commonly used pre-model price indicators are as follows:
[bookmark: _Toc23181][bookmark: _Toc5242][bookmark: _Toc17744][bookmark: _Toc2036]（1）Relative Error

Where  and  are the actual grain yield and forecast grain yield, respectively. The smaller the value of the relative error calculated in a certain year, the better the prediction effect of the model.
[bookmark: _Toc13721][bookmark: _Toc6244][bookmark: _Toc22442][bookmark: _Toc9127]（2）Mean Absolute Error

The mean of the absolute value of the error between the predicted value and the actual value. where n is the number of samples.
[bookmark: _Toc15433][bookmark: _Toc8792][bookmark: _Toc4069][bookmark: _Toc10661]（3）Root Mean Square Error

The square root of the ratio of the squared error of the predicted value to the actual value and the number of samples. where n is the number of samples.
[bookmark: _Toc43040068]















[bookmark: _Toc26697]CHAPTER 4: DESIGN AND IMPLEMENTATION (Realization of Grain Yield Prediction Model)
[bookmark: _Toc17418][bookmark: _Toc7048][bookmark: _Toc24764][bookmark: _Toc19821]4.1. Sample Source and Selection Basis
The data in this article come from the National Bureau of Statistics of the People's Republic of China.
[image: ]
Figure 2 Website of the National Bureau of Statistics of China
The National Data Network of the National Bureau of Statistics of the People's Republic of China contains statistical data from various regions of the country and reliable data of important historical years in China.
According to the main crop product output options in the agricultural classification, you can query the grain output of various provinces and cities in the country in recent years, as shown in the following figure:
[image: ]
Figure 3 China's grain production table over the years
There are many factors affecting agricultural production. Before 2000, China's agricultural production has always tended to be a lot of manual labor, so unstable natural factors such as the environment and climate will have a great impact on food production. In the 21st century, modern agricultural production technology has been gradually adopted by people and applied in the cultivation of various crops, which reduces the influence factors of weather and climate on agricultural crops to a certain extent. If the yield obtained by the two planting methods is modeled together, it is easy to cause great errors, and the historical data before 2000 will affect the stability of the multi-model. At the same time, the dynamics of food production is relatively large, and if statistical theory is used for large-scale modeling, the results are often unsatisfactory. In contrast, the data of recent years that have the greatest impact on food production data are of much higher reference value than those of previous decades, that is, the relatively important data in modeling are only the data of food production in the last ten years. Therefore, this paper uses the small sample theory in modeling. Small sample theory is usually applied to models with small sample sizes, usually less than 30. It was founded by British statistician William Sealy Gossett and has been widely used in industry, agriculture and scientific research. . At the same time, various algorithms such as SVM also support small sample models. In this way, the amount of data required is less, and the influence caused by the longer historical data can be avoided in the modeling of this paper. Based on the above reasons, this paper selects the grain data of Hubei Province from 2000 to 2017 by the National Bureau of Statistics of the People's Republic of China.
Based on the grain data of Hubei Province from 2000 to 2017, this paper uses the data from 2000 to 2014 as known data to model, and uses the data from 2015 to 2017 as a test. Taking the grain output of Hubei Province in the past 18 years as the modeling basis:
Table 2 Grain output in Hubei Province from 2000 to 2017 (unit: 10,000 tons)
	Year
	Yield
	Year
	Yield

	2000
	2218.49
	2009
	2291.05

	2001
	2138.49
	2010
	2304.26

	2002
	2047.00
	2011
	2407.45

	2003
	1921.02
	2012
	2485.14

	2004
	2100.12
	2013
	2586.21

	2005
	2177.38
	2014
	2658.26

	2006
	2099.10
	2015
	2914.75

	2007
	2139.07
	2016
	2796.35

	2008
	2145.47
	2017
	2846.13


From the known data, the following figure can be obtained:
[image: ]
Figure 4 Grain output in Hubei Province from 2000 to 2017 (10,000 tons)
As shown in Figure 4, the grain output in Hubei Province fluctuated greatly from 2000 to 2006, and showed a steady upward trend from 2007 to 2017, but the output dropped abnormally in 2016.
The factors affecting grain production are as follows:
Table 3 Factors affecting grain yield
	Feature Number
	Feature Name
	Unit of Measurement

	
	Grain Crop Planting Area
	thousand hectares

	
	Agricultural Chemical Fertilizer Application
	tons

	
	Total Power of Agricultural Machinery
	ten thousand kilowatts

	
	Effective Irrigation Area
	thousand hectares

	
	Agricultural Diesel Usage
	tons

	
	Pesticide Usage
	ton

	
	Number of agricultural reservoirs
	seat

	
	Agricultural plastic film usage
	ton

	
	Affected area
	thousand hectares

	
	Food production
	tons


[bookmark: _Toc4611]4.2. Implementation and Analysis of a Single Predictive Model
[bookmark: _Toc6641]4.2.1. Implementation and Analysis of Exponential Smoothing
The exponential smoothing method includes first-order exponential smoothing, second-order exponential smoothing, third-order exponential smoothing, etc., so before using the exponential smoothing method, you should first determine which exponential smoothing method to use. In general forecasting, the usage rates of second-order exponential smoothing and third-order exponential smoothing are generally higher. When the data tends to be linear or approximately linear, the quadratic exponential smoothing method is generally used; when the data tends to be a quadratic curve, the general Use cubic exponential smoothing. According to the analysis of the above grain data, the grain output in most provinces tends to approach and approximately linearly develop, so here, the quadratic exponential smoothing method will be used to analyze and predict the grain data.
In addition to determining which exponential smoothing method should be used, the smoothing coefficient  is also a key factor. Choosing a smoothing coefficient  that can well match the model has a great impact on the prediction accuracy of the exponential smoothing method. The results obtained are related to the proportion of recent data and previous predictions, and the proportional relationship between them can be shown by the value of . As the value of  continues to increase, the data of recent times in the final predicted value accounts for a larger proportion, and the proportion of the original predicted value to the whole is smaller. The secondary data accounts for a smaller proportion, and the original prediction value accounts for a larger proportion of the whole. At present, the mainstream research methods for selecting a value  are still empirical estimation method and trial method. The empirical estimation method and the trial method are a research method that forms statistical methods based on the researcher's existing historical experience. The principle is: analyze the changes of the data with the time series. If the time series does not change greatly, the value of  generally ranges from 0.1 to 0.3; if the time series has a large change, the value of  The general value range is between 0.6 and 0.9. After repeated experiments to get the best results.  will be brought into the program one by one, and calculated, the following results are obtained:
Table 4 Smoothing coefficient test table (unit: 10,000 tons)
	
	Year 2015
	Year 2016
	Year 2017

	0.1
	2615.86
	2677.28
	2738.71

	0.2
	2732.53
	2807.96
	2883.40

	0.3
	2719.20
	2791.48
	2863.76

	0.4
	2727.11
	2802.25
	2877.39

	0.5
	2737.14
	2816.76
	2896.38

	0.6
	2741.62
	2823.65
	2905.68

	0.7
	2741.76
	2823.86
	2905.96

	0.8
	2739.40
	2819.72
	2900.03

	0.9
	2735.48
	2812.45
	2889.41


If the mean square error (MSE) is the smallest, the model is most suitable. The calculated mean square error from  0.1 to 0.9 is shown in Table 5:
Table 5 MSE comparison table of different smoothing values
	
	MSE

	0.1
	38350.65

	0.2
	11575.99

	0.3
	14819.87

	0.4
	12073.59

	0.5
	11495.65

	0.6
	11421.83

	0.7
	11420.66

	0.8
	11399.66

	0.9
	11423.37


The results obtained by bringing  into the program respectively, it can be seen that when , the prediction error value of this model is the smallest, that is, when the smoothing index is 0.8, the model is most suitable.
[image: e42cce838158e9ace5c1abe1ca4b247]
Figure 5 The specific embodiment of the quadratic exponential smoothing method in python
[image: b5a1211d149f332d8ecb2fba0130688]
Figure 6 Continue to Figure 5
[image: 1661246585167]
Figure 7 Bring  into the program to get the forecast value for 2015-2017
Bringing  into the program, the predicted values for 2015-2017 are 27,394,000 tons, 28,197,200 tons, and 29,000,300 tons, respectively. The calculated relative errors are shown in the following table
Table 6 Smoothed forecast results of grain output index in Hubei Province from 2015 to 2017
	Year
	Actual Value
	Exponential Smoothing
Predicted Values
	Relative Error

	Year 2015
	2914.75
	2739.40
	6.02%

	Year 2016
	2796.35
	2819.72
	0.84%

	Year 2017
	2846.13
	2900.03
	1.89%


The exponential smoothing method is widely used when the amount of data is small. From the data in Table 6 above, it can be seen that the relative error of the quadratic exponential smoothing method in 2016 and 2017 is small and has a good forecasting effect; at the same time, the forecast in 2016 The effect was the best. After reviewing the literature, it was found that the disaster situation in 2016 was more serious than that of previous years. The national grain output declined significantly in that year. The exponential smoothing method predicted the unexpected situation in 2016.
After calculation, the average relative error of the quadratic exponential smoothing prediction value calculated from the original data is 2.92%.
[bookmark: _Toc11276]4.2.2. Implementation and Analysis of Grey GM(1,1)
First, perform an accumulation operation according to the original time series X0 to obtain a brand-new time series X1. The specific process of the obtained adjacent mean generation sequence is shown in the following figure:
[image: ]
Figure 8 The specific implementation process in python
The relevant parameters are solved using the principle of least squares:
[image: ]
Figure 9 Solving the Y parameter vector and B data matrix
[image: ]
Figure 10 Solving the development coefficient and gray action
Solve the above gray equation and whitening differential equation to obtain the time response sequence for a sequence of accumulation operations:
[image: ]
Figure 11 Obtaining the time response sequence for a sequence of accumulation operations
Finally, the cumulative reduction process is performed to obtain the final fitting value of the gray GM(1,1) model:
[image: ]
Figure 12 Obtaining the final fitted value for the Grey GM(1,1) model
Finally, the gray GM(1,1) forecast results of grain output in Hubei Province from 2015 to 2017 are obtained, as shown in the following table:
Table 7 Grey GM(1,1) forecast results of grain output 
in Hubei Province from 2015 to 2017
	Year
	Actual Value
	Grey GM(1,1)
Predicted Values
	Relative Error

	Year 2015
	2914.75
	2627.49
	9.86%

	Year 2016
	2796.35
	2683.79
	4.03%

	Year 2017
	2846.13
	2741.30
	3.68%


The Gray GM (1, 1) is suitable for short-term forecasts with obvious trends, while the grain output trend process in Hubei Province first decreased and then increased, and there was no obvious trend. Grayscale forecasts were more accurate for other provinces with more obvious trends. Therefore, GM (1, 1) has obvious deviations in the prediction of grain production in 2015, which in turn leads to a decline in the prediction accuracy in 2016 and 2017. 
After calculation, the average relative error of the gray GM (1,1) prediction value calculated from the original data is 5.86%.
[bookmark: _Toc14136]4.2.3. Implementation and Analysis of Support Vector Machine Regression 
In this section, the nine influencing factor indicators selected in Section 4.1. are used as explanatory variables, and the grain output in Hubei Province is the explained variable. First, the data is visualized and feature selection is performed, and then Python and related software packages are used to establish Hubei Province based on support vector regression. The provincial grain yield prediction model, comprehensively considering the application effect of each kernel function, finally determines that the model established in this section adopts the radial basis kernel function.
1、 [bookmark: _Toc23272][bookmark: _Toc27507][bookmark: _Toc20538][bookmark: _Toc21418]Feature Extraction
[image: ]
Figure 13 Data visualization
First, visualize the data. As can be seen from the pictures of the running results, as shown in Figure 12, except for feature x6, other features are linearly related, and then the correlation among the features is analyzed. Selecting features reasonably and finding the features with the strongest correlation with the fitting target can often get results quickly and achieve twice the result with half the effort. The Pearson correlation coefficient is used to measure the mutual relationship (strength of linear correlation) between two features X and Y, and is the simplest kind of correlation coefficient. Next, we will use the Pearson correlation coefficient and draw the correlation matrix to perform feature correlation detection, as shown in Figure 13 and Figure 14. It can be clearly seen that the correlation between feature X6 and feature y is low correlation, and other features are significantly correlated.
[image: ]
Figure 14 Correlation matrix
[image: 36af8ee419016159281c30d1851e188]
Figure 15 Pearson correlation coefficient
Finally, this experiment adopts Lasso regression method for compression estimation. Lasso is a shrinking estimation method based on the idea of reducing the feature set (order reduction). The Lasso method can compress the coefficients of features and make some regression coefficients 0, so as to achieve the purpose of feature selection. Therefore, from the running results, the three features x1, x4, and x9 are selected for training.
[image: ]
Figure 16 Feature selection results
[image: ]
Figure 17 Select features x1, x4, x9 for training
2、 [bookmark: _Toc15947][bookmark: _Toc32034][bookmark: _Toc25240][bookmark: _Toc3472]Parameter Optimization
The support vector regression prediction model constructed in this section has two unknown parameters, the penalty parameter  and the kernel function parameter , where  represents the prediction ability of the model. The worse the prediction effect, the smaller the , the higher the fault tolerance rate of the model and the worse the fitting effect of the model, but its prediction effect is relatively good. The kernel function parameter  determines the data distribution after the low-dimensional data is mapped to the high-dimensional space. Therefore, in this section, the grid search method of the 5-fold cross-validation method is used to find the optimal combination of these two parameters, so that the model can achieve the optimal prediction effect. The model grid search results show that the model prediction error is the smallest when , and the model training and optimization process is shown in the figure below.


Figure 18 Model training and parameter optimization process
3、 [bookmark: _Toc20156][bookmark: _Toc27830][bookmark: _Toc6723][bookmark: _Toc11100]Model Training and Testing
Based on the radial basis kernel function and optimal parameter combination selected in the previous section, the model parameters were trained using the relevant statistical data of grain yield in Hubei Province from 2000 to 2014 as the training set. The testing set has a ratio of 20%. Finally, the data about factors affecting grain yield in Hubei Province in 2015, 2016, and 2017 were used as sample input to predict grain yield in 2015, 2016, and 2017 to test the predictive ability of the model.
Table 8 SVR forecast results of grain output in Hubei Province from 2015 to 2017
	Year
	Actual Value
	SVR Predicted Values
	Relative Error

	Year 2015
	2914.75
	2755.76 
	1.94%

	Year 2016
	2796.35
	2691.06 
	5.36%

	Year 2017
	2846.13
	2737.13 
	3.83%


The effect of the SVR method is the most accurate method among the four methods used for combined forecasting. It has the best forecasting effect in 2015, but has not predicted the abnormal disaster in 2016, and can only predict the trend of grain production. After calculation, the average relative error of the SVR prediction value calculated from the original data is 3.71%.
[bookmark: _Toc29811]4.2.4. Implementation and Analysis of Multiple Linear Regression Model
Regression Models are common predictive models, but instances of perfect linear relationships are very rare in life, and linear models are often disturbed by various uncontrollable factors. Based on this situation, to obtain an ideal multivariate linear model requires continuous attempts and continuous optimization from modeling methods and input factors, so feature selection is the key to optimizing the model.
1、 [bookmark: _Toc5786][bookmark: _Toc9094][bookmark: _Toc11469][bookmark: _Toc15716]Feature Extraction
Feature selection is also known as feature subset selection or attribute selection. It refers to selecting N features from M features to optimize feature metrics. It is also an important means to improve the performance of learning algorithms by reducing the dimensionality of the dataset by selecting some of the most effective features from the original features. This part is the same as the feature extraction method in 4.2.3, and will not be repeated here.
2、 [bookmark: _Toc11738][bookmark: _Toc16853][bookmark: _Toc3502][bookmark: _Toc2541]Model Training and Testing
[image: 3fabe314537436a9b8ab5702adc7de6]
Figure 19 Implementation of multiple linear regression in python
The final result is shown in the following table:
Table 9 Multiple linear regression prediction results of grain output 
in Hubei Province from 2015 to 2017
	Year
	Actual Value
	Multiple Linear Regression
Predicted Values
	Relative Error

	Year 2015
	2914.75
	2763.78
	2.23%

	Year 2016
	2796.35
	2421.63
	13.40%

	Year 2017
	2846.13
	3038.92
	6.78%


The experiment used a multiple linear regression model, and the multiple linear regression achieved good results for the 2015 grain forecast. Similarly, multiple linear regression cannot make good predictions for the severe disaster in 2016, and because of the three consecutive years of forecasting, the accuracy of multiple linear regression for the next two years is greatly reduced. 
After calculation, the average relative error of the polynomial regression prediction value calculated from the original data is 7.47%.
[bookmark: _Toc203]4.3. Realization and Analysis of Combined Prediction Model
Use a variety of weighting methods to assign weights:
[bookmark: _Toc20087][bookmark: _Toc2968][bookmark: _Toc14297][bookmark: _Toc23567]（1）Arithmetic Mean
Table 10 Arithmetic mean method weights
	Prediction Model
	SVR
	Exponential
Smoothing
	Grey GM(1,1)
	Multiple Linear Regression

	Weight
	0.25
	0.25
	0.25
	0.25


According to the results obtained by each algorithm in the above figure, after weight distribution, the combined prediction calculation is performed, and the following results are obtained:
Table 11 Combination prediction results of grain output 
(arithmetic average method, unit: 10,000 tons)
	Year
	Actual Value
	Combined Model
Predicted Values
	Relative Error

	Year 2015
	2914.75
	2771.61
	4.91%

	Year 2016
	2796.35
	2674.05
	4.37%

	Year 2017
	2846.13
	2852.35
	0.22%


After calculation, the average relative error of the combined prediction value calculated from the original data is 3.16%.
[bookmark: _Toc23193][bookmark: _Toc9236][bookmark: _Toc14133][bookmark: _Toc31010]（2）Inverse Variance Method
Table 12 Weight values of the reciprocal variance method
	Prediction Model
	SVR
	Exponential
Smoothing
	Grey GM(1,1)
	Multiple Linear Regression

	Weight
	0.4
	0.34
	0.17
	0.09


According to the results obtained by each algorithm in the above figure, after weight distribution, the combined prediction calculation is performed, and the following results are obtained:
Table 13 Combination prediction results of grain output 
(reciprocal variance method, unit: 10,000 tons)
	Year
	Actual Value
	Combined Model
Predicted Values
	Relative Error

	Year 2015
	2914.75
	2789.11
	4.31%

	Year 2016
	2796.35
	2709.32
	3.11%

	Year 2017
	2846.13
	2820.37
	0.91%


After calculation, the average relative error of the combined prediction value calculated from the original data is 2.74%.
[bookmark: _Toc9980][bookmark: _Toc24566][bookmark: _Toc27677][bookmark: _Toc15632]（3）Simple Weighting
Table 14 Weight value of simple weighted average method
	Prediction Model
	SVR
	Exponential
Smoothing
	Grey GM(1,1)
	Multiple Linear Regression

	Weight
	0.4
	0.3
	0.2
	0.1


According to the weight results obtained by each algorithm in the above figure, after the weight distribution, the combined prediction calculation is performed, and the following results are obtained:
Table 15 Combination forecast results of grain output 
(simple weighted average method, unit: 10,000 tons)
	Year
	Actual Value
	Combined Model
Predicted Values
	Relative Error

	Year 2015
	2914.75
	2796.00
	4.07%

	Year 2016
	2796.35
	2701.26
	3.40%

	Year 2017
	2846.13
	2817.01
	1.02%


After calculation, the average relative error of the combined prediction value calculated from the original data is 2.83%. 
According to the results of the above three combined forecasts, this combined forecast selects the reciprocal variance method for weight distribution.
[bookmark: _Toc19495][bookmark: _Toc17130][bookmark: _Toc20157]







[bookmark: _Toc15294]CHAPTER 5: COMPARATIVE ANALYSIS
Using Exponential Smoothing Method, GM(1,1), SVR, Multiple Linear Regression and Combined Forecasting Model to forecast 2015-2017 respectively, and carry out error analysis, the following data can be obtained:
Table 16 Comparison of the average relative errors of each forecast model 
from 2015 to 2017
	Forecasting Methods
	Exponential Smoothing
	Grey GM(1,1)
	SVR
	Multiple Linear Regression
	Variance
Reciprocal
Method

	MRE
	2.92%
	5.86%
	3.71%
	7.47%
	2.74%


According to the data obtained in the above table, it can be seen from the three-year data that the average relative error of the combined forecast of the reciprocal variance method is the smallest, and the change in error is much smaller than that of the other four separate forecasts. That is to say, the combined forecast is in The ability to resist external disturbances is better than a single prediction algorithm.
From the above conclusions, due to the complexity, randomness and non-stationarity of the grain yield series, a single forecast method will be greatly affected and restricted when it is predicted, while the combination of the reciprocal variance method of agricultural grain The forecasting model is a stable and highly accurate model for the near-term forecast. The anti-interference ability of the combined forecasting model is greater than the ability of a single forecasting model. When the data is abnormal, the error can be minimized, so as to prevent the large difference between the predicted value and the actual output value, so that the grain forecasting can be more reliable. Production can be more stable.







[bookmark: _Toc23913]CHAPTER 6: RESULTS 
The specific experimental results have been shown and explained in Chapter 4, which will not be repeated here. This part mainly summarizes the above experimental process and results. The main work of this experiment is to use Python to model various models, including single predictive models and combined predictive models. First, collect official data from the National Bureau of Statistics of China, and use Python to implement four single prediction models, use existing data pairs to test, and conduct error comparison analysis, and then assign different weights to different single models respectively. Carry out the test to screen out an optimal weight distribution method, and use it to model and test the combined model, and finally get the result: the reciprocal variance method combined forecasting model has the best forecasting effect. When making predictions, its average relative error is smaller than that of a single prediction model. The grain combination forecasting model of the reciprocal variance method is more anti-interference than other single forecasting models. All in all, the grain combination forecasting model implemented in Python this time successfully achieved the purpose of improving the performance of the grain forecasting model.
[bookmark: _Toc7919][bookmark: _Toc43040071][bookmark: _Toc25326][bookmark: _Toc20171]












[bookmark: _Toc29703]CHAPTER 7: CONCLUSIONS AND RECOMMENDATIONS 
[bookmark: _Toc11616][bookmark: _Toc11006][bookmark: _Toc25134]7.1. Conclusion
Grain production has always been the foundation and focus of a country's stable development. The regulation of grain production can affect the future development speed and trend of the entire country, and grain output forecast is the fundamental basis for the country to regulate grain.
This paper mainly uses Python to implement a single prediction model, and performs weight allocation to complete the establishment of the combined prediction model. The specific work is as follows:
(1) Read the literature on Exponential Smoothing, Gray GM(1,1), Support Vector Machine and Regression Analysis Algorithms, understand the applicable scope of the four forecasting models, and learn their modeling principles, as well as different environments. Conditions apply. 
(2) Through the data center of the National Bureau of Statistics of the People's Republic of China, the grain output and related data of Hubei Province in the past 18 years were collected, and the data were mapped and stored. 
(3) Learned the data analysis tool Python, learned Python basic modules, basic syntax, and programming rules, and learned some of its modules related to mathematics and modeling, and achieved the purpose of being able to call from Python programs , and through Python programming and its related mathematical modules, the four single prediction models of exponential smoothing, gray GM (1,1), support vector machine and regression analysis were programmed, and the modeling process was restored. Input data to get prediction results. 
(4) The regional data of Hubei Province was input into four different single prediction models using Python, and the grain output forecast data of Hubei Province in the past three years (ie, 2015-2017) was obtained, and different forecasts were obtained respectively. The model records and organizes the forecast results of the past three years, and compares them with the actual results, and obtains the error between the forecast value and the actual value of the single forecast model for the past three years. 
(5) Experiment with different weight distribution methods, and select a weight distribution method with the highest accuracy. The weights are assigned to the four single forecasting methods, and three different combined forecasting models are obtained. The predicted value of the combined forecasting model is compared with the actual value, and the error is compared with the single forecasting model, which proves the variance The prediction effect of the combined prediction model of the reciprocal method is more accurate.
[bookmark: _Toc3223][bookmark: _Toc20715][bookmark: _Toc8376]7.2. Recommendations
In this paper, although Python is successfully combined with the predictive model, and conclusions are drawn, there are still many deficiencies, which can be improved and perfected in further study in the future:
(1) There are a total of four single prediction models in this paper, and all of them participate in the combined prediction model. In future learning research, you can try to add more single combination models or use only a few for combined prediction, so as to compare How the number of models participating in combined forecasting affects forecast accuracy. 
(2) There are still many more complex and accurate methods for weight distribution. If these methods are used and combined with the actual situation of grain production, a grain combination prediction model with more reasonable weights and more reliable data can be obtained.









[bookmark: _Toc43040073][bookmark: _Toc12163]REFERENCES
[1] Funsueb S , Krongchai C , Mahatheeranont S , et al. Prediction of 2-acetyl-1-pyrroline content in grains of Thai Jasmine rice based on planting condition, plant growth and yield component data using chemometrics[J]. Chemometrics & Intelligent Laboratory Systems, 2016:203-210.
[2] Haghighattalab A , Crain J , Mondal S , et al. Application of Geographically Weighted Regression to Improve Grain Yield Prediction from Unmanned Aerial System Imagery[J]. Crop Science, 2017, 57(5).
[3] Kaul M , Hill R L , Walthall C . Artificial neural networks for corn and soybean yield prediction[J]. Agricultural Systems, 2005, 85(1):1-18.
[4] Wit A , Diepen C . Crop model data assimilation with the Ensemble Kalman filter for improving regional crop yield forecasts[J]. Agricultural & Forest Meteorology, 2007, 146(1-2):38-56.
[5] Shouyang L , Fred B , Bruno A , et al. Estimation of Wheat Plant Density at Early Stages Using High Resolution Imagery[J]. Frontiers in Plant Science, 2017, 8:739.
[6] Doltra J , Gallejones P , Olesen J E , et al. Simulating soil fertility management effects on crop yield and soil nitrogen dynamics in field trials under organic farming in Europe[J]. Field Crops Research, 2019, 233:1-11.
[7] D García-León, Contreras S , Hunink J . Comparison of meteorological and satellite-based drought indices as yield predictors of Spanish cereals[J]. Agricultural Water Management, 2019.
[8] Zarei A R , Shabani A , Mahmoudi M R . Comparison of the climate indices based on the relationship between yield loss of rain-fed winter wheat and changes of climate indices using GEE model[J]. The Science of the Total Environment, 2019, 661(APR.15):711-722.
[9] Velu G , Crossa J , Singh R P , et al. Genomic prediction for grain zinc and iron concentrations in spring wheat[J]. Theoretical & Applied Genetics, 2016, 129(8):1-11.
[10] Phillips J G , Deane D , Unganai L , et al. Implications of farm-level response to seasonal climate forecasts for aggregate grain production in Zimbabwe[J]. Agricultural Systems, 2002, 74.
[11] Fox G , Turner J , Gillespie T . The value of precipitation forecast information in winter wheat production[J]. Agricultural & Forest Meteorology, 1999, 95(2):99-111.
[12] Caio, AS, Coelho, et al. Challenges for integrating seasonal climate forecasts in user applications[J]. Current Opinion in Environmental Sustainability, 2010, 2(5-6):317-325.
[13] Junwei Zhao , Shuai Wang , Jie Wang , Shunde Li . Analysis of Influencing Factors of Grain Yield Based on Regression Analysis: Taking Jiangxi Province as an Example [J]. Economic Research Guide, 2013(34):78-8095.
[14] Jianhua Wu . Prediction and Analysis of my country's Total Grain Output [J]. Heilongjiang Grain and Oil Science and Technology, 2000, 11(4): 28-2937.
[15] Xuemei Lv , Yinghua Song , Liyun Guo . Application of Trend-ARMA Combination Model in Shandong Grain Yield Prediction [J]. China Population, Resources and Environment, 2011(S2): 193-195.
[16] Tiejun Yang , Na Yang , Chunhua Zhu , Yuan Zhang . A new prediction of grain yield based on ARIMA model [J]. Journal of Henan University of Technology: Natural Science Edition, 2015, 36(5): 19-2.
[17] Mishra P , Sahu P K , Padmanaban K , et al. STUDY OF INSTABILITY AND FORECASTING OF FOOD GRAIN PRODUCTION IN INDIA. 2015.
[18] Boken V K . Forecasting Spring Wheat Yield Using Time Series Analysis: A Case Study for the Canadian Prairies[J]. Agronomy journal, 2000, 92(6):475.
[19] Kelei Yang , Zhenyu Zhang , Mei He . Research on Grain Yield Prediction Using Grey GM(1,1) Model [J]. Journal of Chongqing University of Technology: Natural Science, 2015, 29(4): 124-127.
[20] Shaosen Lin , Yongjin Tang . Comparison of Three Models for Predicting Grain Yield in my country [J]. Statistics and Decision, 2007(7):39-40.
[21] Vapnik V N . The Nature of Statistical Learning Theory[J]. Springer, 1995.
[22] Wei Cheng , Yanping Zhang , Shu Zhao . Application of Support Vector Machine in Grain Yield Prediction [J]. Anhui Agricultural Science, 2009, 37(8):2.
[23] Luqing Rong , Fei Chen , Hao Ouyang . Research on Grain Yield Prediction in Guangxi Based on GRA&BPNN [J]. China Agricultural Resources and Zoning, 2017,38(2):105-111.
[24] Lingzhi Chi . Application of Exponential Smoothing in Grain Yield Prediction [J]. Journal of Benxi Metallurgical College, 2004(04):14-15.
[25] Houjun Liang , Rui Xie , Yiqiang Feng , et al. Based on grey Research on National Cotton Yield Prediction Method Based on Model [J]. China Fiber Inspection, 2018, (7):140-144.
[26] Chen Chen , Haiyun Wu , Yanhong Tian , Yueming Zuo . Research on Grain Yield Prediction Based on Support Vector Regression Machine [J]. Journal of Shanxi Agricultural University (Natural Science Edition), 2013, 33(04): 357-361.
[27] Chunhui Wang , Shenglu Zhou , Shaohua Wu , et al. Grain production in Jiangsu Province based on multiple linear regression model and grey relational analysis Forecast [J]. Nanjing Normal University (Natural Science Edition), 2014, 37(4):105-109.
[28] Yuling Lu , Qianjiao Xie , Jiaming Zhu , et al. Research on grain yield based on multiple regression [J] . Heilongjiang Industrial Journal, 2017, 17(6):90-93.
[29] Pengbo Li , Xiaoran Yan , Dongrui Xu . Comparison of BP Neural Network and Multiple Linear Regression in Predicting the Spatial Distribution of Grain Yield [J]. Resources and Environment, 2014, 28(09):74-79.
[30] Shouyan Pang . Prediction of grain yield in Heilongjiang Province based on combined model [J]. Journal of Harbin University of Commerce (Social Science Edition), 2011(5):125-128.
[31] Bo Wang . Application of combined forecasting in grain yield forecasting in Jilin Province [J]. Anhui Agricultural Science, 2010,38(32):18538-18539.
[32] Peiling Xiao , Junhai Ma , Liyan Geng . Prediction of Agricultural Product Yield Based on Grey Support Vector Machine Combination Model [J]. China Agricultural Mechanization, 2010(1):44-47.







[bookmark: _Toc7684]APPENDICES
Exponential Smoothing
import numpy as np


def double_exponential_smoothing(yearvalue,loadvalue,t):#Second exponential smoothing method
    print('Second exponential smoothing method')
    size=len(loadvalue)
    a=0.8#Exponential smoothing coefficient, which can be adjusted according to the prediction effect
    S_1=[]
    S2_1_new=[]
    S2_2_new=[]
    s1=st=at=bt=xt=0
    for i in range(1,t+1):
        for j in range(1,size):
            if (j < 2):
                s1 += loadvalue[j - 1]
                if (size < 20):
                    st = s1 / 3
            else:
                st = loadvalue[0]
            S_1.append(st)
            for k in range(0,size):
                if (k == 0):
                    S2_1_new.append(a * loadvalue[k] + (1 - a) * S_1[k])
                else:
                    S2_1_new.append(a * loadvalue[k] + (1 - a) * S2_1_new[k - 1])
            for l in range(0,size):
                if (l == 0):
                    S2_2_new.append(a * S2_1_new[l] + (1 - a) * S_1[l])
                else:
                    S2_2_new.append(a * S2_1_new[l] + (1 - a) * S2_2_new[l - 1])
            at = S2_1_new[len(S2_1_new) - 1] * 2 - S2_2_new[len(S2_2_new) - 1]
            bt = a / (1 - a) * (S2_1_new[len(S2_1_new) - 1] - S2_2_new[len(S2_2_new) - 1])
            xt = at + bt * i
            xt=np.round(xt,2)#Keep to two decimal places
        print(str(yearvalue[size - 1]+i) + 'The predicted value of year is：' + str(xt))
if __name__ == '__main__':#test data
 yearvalue=[2000,2001,2002,2003,2004,2005,2006,2007,2008,2009,2010,2011,2012,2013,2014]
loadvalue=[2218.49,2138.49,2047.00,1921.02,2100.12,2177.38,2099.10,2139.07,2145.47,2291.05,2304.26,2407.45,2485.14,2586.21,2658.26]
double_exponential_smoothing( yearvalue,loadvalue,3)

target = [2914.75, 2796.35, 2846.13]
prediction =[2739.40,2819.72,2900.03]
error = []
for i in range(len(target)):
 error.append(target[i] - prediction[i])
print("Errors: ", error)
print(error)
squaredError = []
absError = []
for val in error:
 squaredError.append(val * val)#The squared difference in the predicted value of the target
 absError.append(abs(val))#absolute value of error
print("Square Error: ", squaredError)
print("Absolute Value of Error: ", absError)
print("MSE = ", sum(squaredError) / len(squaredError))#mean square error MSE


print("residual examination")
# residual examination
# Sequence of absolute errors
target = np.array(target)
prediction = np.array(prediction)
e=abs(target-prediction)
print("Sequence of absolute errors:",e)
# Sequence of relative errors
q=e/target
print("Sequence of relative errors:",q)
q_mean=sum(q)/len(q)
print("q_mean=",q_mean)
print()

print("posterior-variance-test")
# posterior-variance-test
# Calculate the original sequence standard deviation S1 (here the variance is calculated, and the denominator is the same as S2)
s1 = np.var(target) # variance
print("The original sequence variance S1:",s1)
# Calculate the standard deviation S2 of the absolute error series (the variance is calculated here, and the denominator is the same as S2).
s2 = np.var(e)
print("The variance of the absolute error series S2:",s2)
# Calculate variance ratio
c = s2/s1
print("variance ratio:",c)
# Calculate the probability of small error P
p=0
for s in range(len(e)):
    if (abs(e[s]) < 0.6745 * s1):
        p = p + 1
P = p/len(e)
print("the probability of small error P:",P)

Grey GM（1，1）
import numpy as np
import math as mt
import matplotlib.pyplot as plt


X0 = [2218.49,2138.49,2047.00,1921.02,2100.12,2177.38,2099.10,2139.07,2145.47,2291.05,2304.26,2407.45,2485.14,2586.21,2658.26]
X1 = [2218.49]
add = X0[0] + X0[1]
X1.append(add)
i = 2
while i < len(X0):
    add = add+X0[i]
    X1.append(add)
    i += 1
print("X1",X1)

Z = []
j = 1
while j < len(X1):
    num = (X1[j]+X1[j-1])/2
    Z.append(num)
    j = j+1
print("Adjacent mean-generating sequence Z (background value)：",Z)

# 1 solve Y
Y = []
x_i = 0
while x_i < len(X0) - 1:
    x_i += 1
    Y.append(X0[x_i])

Y = np.mat(Y).T  # Matrix, matrix operations
Y.reshape(-1, 1)
print("Y", Y)

# 2 solve B
B = []
b = 0
while b < len(Z):
    B.append(-Z[b])
    b += 1

B = np.mat(B)  # Array transformation matrix
B.reshape(-1, 1)
B = B.T
c = np.ones((len(B), 1))  # Generates an array of len(B) rows and one column
B = np.hstack((B, c))  # Merge, horizontal overlay
print("B", B)

theat = np.linalg.inv(B.T.dot(B)).dot(B.T).dot(Y)#Least square method: to make the square variance between the value of the fitting function and the known data minimum
a1 = theat[0][0]#evolution parameter
b1 = theat[1]#driving parameter
print(theat)
a=float(a1)
b=float(b1)
print("evolution parameter a:",a)
print("driving parameter b:",b)

F = []
F.append(X0[0])
k = 1
did=b/a
while k < len(X0)+3: #When k is less than or equal to 8, the fitting value is evaluated; Plus 3 means it's projected three years into the future, the predicted value
    F.append((X0[0]-did)*mt.exp(-a*k)+did)
    k += 1
print("prediction model F：",F)

G = []
G.append(X0[0])
g = 1
while g<len(X0)+3:
    G.append(F[g]-F[g-1])
    g +=1
print("Grey fitted values of the original series and predicted values for the next 3 years:",G)

target = [2914.75, 2796.35, 2846.13]
prediction =[2627.49,2683.79,2741.30]
print("residual examination")
# residual examination
# Sequence of absolute errors
target = np.array(target)
prediction = np.array(prediction)
e=abs(target-prediction)
print("Sequence of absolute errors:",e)
# Sequence of relative errors
q=e/target
print("Sequence of relative errors:",q)
q_mean=sum(q)/len(q)
print("q_mean=",q_mean)
print()

print("Posterior difference test")
# Posterior difference test
# 1Calculate the original sequence standard deviation S1 (here the variance is calculated, and the denominator is the same as S2)
s1 = np.var(target) # variance
print("The original sequence variance S1:",s1)
# Calculate the standard deviation S2 of the absolute error series (the variance is calculated here, and the denominator is the same as S2).
s2 = np.var(e)
print("The variance of the absolute error series S2:",s2)
# Calculate variance ratio
c = s2/s1
print("variance ratio:",c)
# Calculate the small error probability P
p=0
for s in range(len(e)):
    if (abs(e[s]) < 0.6745 * s1):
        p = p + 1
P = p/len(e)
print("the small error probability P:",P)

SVR
import numpy as np
import matplotlib.pyplot as plt
from sklearn.linear_model import Lasso
import pandas as pd
import warnings
import seaborn as sns
import matplotlib
from sklearn.model_selection import train_test_split
from sklearn.svm import LinearSVR
from sklearn import metrics
from math import sqrt
from sklearn.preprocessing import StandardScaler

#import data
data = pd.read_csv(r'C:\Users\Administrator\Desktop\yield.csv')
x_data = data.drop('y', 1)
y_data = data.loc[:, 'y']
name_data = list(data.columns.values)

matplotlib.rc("font", family='MicroSoft YaHei', weight="bold")

#visualization
warnings.filterwarnings("ignore")  # Exclude Warning messages
fig = plt.figure()
fig.set_size_inches(14, 9)
for i in range(9):
    ax = fig.add_subplot(4, 4, i+1)
    x = x_data.loc[:, name_data[i]]
    y = y_data
    plt.title(name_data[i])
    ax.scatter(x, y)
plt.tight_layout()  # Automatically adjust the subgraph spacing
plt.show()

#Draw the correlation matrix
plt.figure(figsize=(12, 8))
sns.heatmap(data.corr(), annot=True, fmt='.2f', cmap='PuBu')
plt.title('Correlations in individual features')
plt.show()
print(data.corr()['y'].sort_values())#Print the Pearson correlation coefficient

# A multivariable study
sns.pairplot(data[["x1", "x2", "x3", "x4"]])
sns.pairplot(data[["x5", "x7", "x8", "x9"]])
plt.tight_layout()  # Automatically adjust the subgraph spacing
plt.show()

#Lasso feature selection model for feature extraction
#Parameter selection of alpha (regularization coefficient)
scaler = StandardScaler()
X = scaler.fit_transform(x_data)
Y = y_data
names = name_data
coef = []
for i in range(30):
    lasso = Lasso(alpha=i)
    lasso.fit(X, Y)
    coef.append(lasso.score(X, Y))
plt.plot(range(30), coef)
plt.xlabel("alpha number")
plt.ylabel("lasso score")
plt.show()

#Perform feature extraction
lasso = Lasso(alpha=20)
lasso.fit(X, Y)
print(lasso.score(X, Y))
print(lasso.coef_)

# X1, X4 and X9 feature data are selected
x = x_data.drop('x6', 1)
name = list(x.columns.values)
for i in name:
    if i == 'x1':
        continue
    elif i == 'x4':
        continue
    elif i == 'x9':
        continue
    else:
        x = x.drop(i, 1)


#Use kernel functions for prediction
# Data preprocessing
train_data, test_data, train_target, test_target = train_test_split(x, y_data, test_size=0.2)
Stand_X = StandardScaler()  # Standardize the features
Stand_Y = StandardScaler()  # Labels are also numerical values and need to be standardized
train_data = Stand_X.fit_transform(train_data)
test_data = Stand_X.transform(test_data)
train_target = Stand_Y.fit_transform(train_target.values.reshape(-1, 1))  # Reshaping (-1,1) means converting it to 1 column, and the row is determined automatically
test_target = Stand_Y.transform(test_target.values.reshape(-1, 1))

clf = LinearSVR(C=35)
clf.fit(train_data, train_target)
y_pred = clf.predict(test_data)
print("linear kernel：")
print("Training set scoring：", clf.score(train_data, train_target))
print("Test set Scoring：", clf.score(test_data, test_target))
initial_data = Stand_Y .inverse_transform(test_target)#Press Stand Y to return to the original test target
print("predicted value：", initial_data)


# Plot the predicted value against the actual value
hos_pre = pd.DataFrame()
hos_pre['predicted value'] = y_pred
hos_pre['actual value'] = test_target
hos_pre.plot(figsize=(8, 4))
plt.show()

MSE = np.sum((y_pred-test_target)**2)/len(test_target)
MAE = np.sum(np.absolute(y_pred-test_target))/len(test_target)
print("Mean square error of the test set：", metrics.mean_squared_error(test_target, y_pred.reshape(-1, 1)))
print("R2 for the test set：", metrics.r2_score(test_target, y_pred.reshape(-1, 1)))
print("MSE", MSE)
print("MAE", MAE)
print('RMSE:{:.4f}'.format(sqrt(MSE))) #RMSE(Standard error)

Multiple Linear Regression
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
from sklearn import model_selection
from sklearn import metrics
from sklearn.linear_model import LinearRegression

#data loading
data = pd.read_csv(r'C:\Users\Administrator\Desktop\yield.csv')
data.head(10)

#data visualization
fig = plt.figure(figsize=(20,5))
fig1 = plt.subplot(131)
plt.scatter(data.loc[:,'x1'],data.loc[:,'y'])
plt.title('y VS x1')

fig2 = plt.subplot(132)
plt.scatter(data.loc[:,'x4'],data.loc[:,'y'])
plt.title('y VS x4')

fig3 = plt.subplot(133)
plt.scatter(data.loc[:,'x9'],data.loc[:,'y'])
plt.title('y VS x9')
plt.show()

#x y assign again
x = data.drop(['y'],axis=1)
y = data.loc[:,'y']
x.head()

#Data preprocessing
x = np.array(x)
y = np.array(y)
y = y.reshape(-1,1)
print(x.shape,y.shape)

# Divide the data into training set and test set
x_train,x_test,y_train,y_test=model_selection.train_test_split(x,y,test_size=0.2)

#Build a multi-factor regression model and train it
model_multi = LinearRegression()
model_multi.fit(x_train,y_train)

#model prediction
y_train_pred=model_multi.predict(x_train)
y_test_pred=model_multi.predict(x_test)
print(y_test_pred)

from sklearn.metrics import mean_squared_error,r2_score
MSE_multi = mean_squared_error(y_test,y_test_pred)
R2_multi = r2_score(y_test,y_test_pred)
print(MSE_multi)
print(R2_multi)
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def double_exponential_smoothing(yearvalve loadvalue,t):#Second exponential smoothing method
print(’Second exponential smoothing method')

size=len(loadvalue)
1=0.8#Exponential smoothing coefficient, which can be adjusted according to the prediction effect
5.0
s2.1new=[1
$2.2_new=[1
slzstzat =
for i in range(1,t+1):
for j in range(1,size):
if (<2t
s1 += loadvalvelj - 1]
if (size < 20):
st=s1/3

else:
st = loadvalue[0]
s_1.append(st)
for k in range(e,size):
I [Lesm )=
$2_1_new.append(a * loadvalue(k] + (1 - a) * S_1[k])
else:
$2_1_new.append(a * loadvaluelk] + (1 - a) * S2_1_new(k - 1])
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for 1 in range(0,size):
= 0):

$2_2_new.append(a * $2_1 new[l] + (1 - a) * s_1[1])
else:
) 52_2_new.append(a * S2_1_new[l] + (1 - a) * 52_2_new[1 - 1])
at = 52_1_new[len(s2_1_new) - 1] * 2 - 52_2_new[len(52_2_new) - 1]
bt =a/ (1-a)* (s2-1newllen(s2-1_new) - 1] - 52_2_new[len(52_2_new) - 11)
Xt = at + bt % i
Xt=np.round(xt, 2)#Keep o two decimal places
) print(str(yearvalue[size - 1]+1) + 'The predicted value of year is: ' + str(xt))
- test data
yearvalue=[2600,2001, 2002, 2663, 2004, 2605 2006, 20072008, 2609,2010, 2011,2612 2013, 2614]
1oadvalue=[2218.49,2138.49,2047.00,1921.02,2100. 12,2177 . 38,2699. 10,2139 .07, 2145.. 47, 2291.05,2304. 26, 2407 . 45,2485 . 14, 2586 .21 ,2658.26]
double_exponential_snoothing(_yearvalue,loadvalue,3)
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Second exponential smoothing method

2015The predicted value of year is: 2739.4
2016The predicted value of year is: 2819.72
2017The predicted value of year is: 2960.03
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X8 = [2218.49,2138.49,2047.06,1921.62,2100.12,2177.38, 2099 . 16,2139.. 67,2145 47,2291.. 65, 2304. 26,2407 . 45, 2485 . 14,2586 21, 265
X1 = [2218.49]

add = xe[e] + xe[1]

X1.append (add)

i=2

wnile 1 < len(Xe):

add = add+Xe[i]

X1.append (add)

) i1

print("x1",X1)

z=0

i=1

wnile j < len(x1):

num = (x1[jl+x1(j-11)/2

Z.append(num)

1 d=3u

print("Adjacent mean-generating sequence Z (background value): ",Z)
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# 1 solve Y

Y=1

xi=0

while x_i < len(Xe) - 1:
X +=1

] Y.append(X6[x_i])

Y = np.mat(Y).T # Matrix, matrix operations
Y.reshape(-1, 1)
print("Y", ¥)

#2 solve B
B=11
b=8

mhile b < len(Z):
B.append(-Z[b])
| b1

B = np.mat(B) # Array transformation matrix

8.reshape(-1, 1)

B=8.T

c = np.ones((len(B), 1)) # Generates an array of len(B) rows and one column
B = np.hstack((B, c)) # Merge, horizontal overlay

print("8", B)
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theat = np.linalg.inv(B.T.dot(B)).dot(B.T).dot(Y)#Least _square method: to make the square variance between the value o
a1 = theat[e][0]#eyolution parameter

1 = theat[1]#driving parameter
print(theat)

a=float(al)

b=float(b1)

print("evolution parameter a:",a)
print("driving parameter b:",b)
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EA=NI)

F.append(x0[0])

k=1

did=b/a

uhile k < Len(X6)+3: fiinen K is less than or equal to 8, the Fitting velve is evaluat
F.append((XB[0]-did)#mt . exp(-axk)+did)

print("prediction model F: ",F)
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(XA |
6.append(xa[8])
g=1
uhile g<len(Xe)+3:
6.append(F[g]-F[g-1])
g+l
print("Grey fitted values of the original series and predicted values for the next 3 years:",6)
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# X1, X4 and X9 feature data are
X = x_data.drop('x6’, 1)
name ist(x.columns.values)
for 1 in name:
i =5 Al
continue
eUif 1 == 'x4':
continue
elif 1 == 'x9':
continue
else:
) x = x.drop(i, 1)
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# Divide the data into training set and test set
x_train, x_test,y_train,y_test=model_selection.train_test_split(x,y test_size=0.2)

#Build a mylti-factor regression model and train i
model_nulti = LinearRegression()

model_multi.fit(x_train,y_train)

#model_prediction
y_train_pred=model_multi.predict(x_train)

y_test_pred=model_multi.predict(x_test)
print(y_test_pred)
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