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The energy price influence system is one of the key mechanisms in the study of energy consumption. China’s household energy consumption has obvious regional differences, and rising income levels and urbanisation have changed the willingness and ability of households to make energy consumption choices. Based on the linear price effect of household energy consumption, this paper explores the scenario characteristics of energy prices affecting energy consumption, taking electricity and natural gas consumption as examples. Based on household energy consumption statistics from 2005 to 2018 in 36 major cities across China, the accuracy and change trends of household energy consumption forecasts are investigated through the decision tree-support vector machine (DT-SVR) non-linear forecasting technique. The study shows that the non-linear forecasting technique accurately portrays the predicted trends of changes in total urban household electricity and natural gas consumption. Within the less developed regions of economic development, income levels are still the main constraint on changes in urban household energy consumption, and the stimulating effect of income levels on household energy consumption has not been seen in the process of economic development in these less developed regions. Urbanisation as an important factor in examining household energy consumption, different development patterns and development processes will gradually be reflected in scenario aspects such as the choice of urban household energy consumption and changes in total consumption.
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INTRODUCTION
Globally, household energy consumption has reached nearly 35% of energy end-use consumption; the actual figures for China reflect this proportion to be over 10%, making it the second largest energy consuming sector in addition to industrial energy consumption. With the rapid economic and social development of China, household energy consumption has been growing at a relatively fast rate, with an average annual growth rate of 8% over the last two decades (Zheng et al., 2014), and this growth trend will continue to accelerate in the future (Yuan et al., 2015).
In terms of the main types of energy consumed by households in China, the use of fossil fuels is still the main source of household energy consumption. Under the constraints of global warming and environmental pollution, policy changes in household energy consumption will face reconciliation of accounts in terms of consumption structure and consumption patterns. There are many factors influencing household energy consumption, including per capita income, urbanisation and climatic conditions, when examined in terms of economic, social and environmental factors. Among these, there are inconsistent findings on the impact of urbanisation on household energy consumption. As the role of the population changes with urbanisation, the increased demand for electricity and the consumption of new electrical products are the main reasons for the increase in energy consumption due to the shift from rural to urban households (Fan et.al., 2017) Another type of study suggests that the efficient use of public facilities due to dense urban populations will help reduce the growth of household energy consumption (Han et al., 2016), etc. In addition, the main factor influencing household energy consumption is temperature conditions, which is important for the characteristics of household energy consumption in China. Energy consumption in the country is concentrated in a number of typical economic regions. Overall, there is a significant spatial distribution of household energy consumption in China. Beijing, Tianjin and Hebei are the main centres of energy consumption. In terms of changes in total per capita energy consumption, the main regional characteristics are “high in the north and low in the south”, and the national trend of household coal consumption is “high in the west and low in the east”. In the area of household electricity consumption, the nationwide pattern is “high in the south and low in the north”.
REVIEW OF THE LITERATURE
Macro Factors of Household Energy Consumption
In terms of the influence of key factors on changes in total household energy consumption, income levels and population size are the main drivers of changes in household energy consumption. Increasing per capita income is positively correlated with household energy consumption; urbanisation has a typical “U” shaped non-linear relationship with household energy consumption; and energy prices have a significant negative relationship in influencing the change in total household energy consumption. At the same time, the trend of the influence of regional temperature on household energy consumption varies from region to region. In terms of household electricity consumption, per capita income, energy price, regional temperature, and urbanisation all show non-linear relationships on changes in household electricity consumption (Ding and Peng, 2020).
The consumption of energy in households has become a major sector contributing to the main growth in energy consumption. In this context, domestic and international research on household energy consumption is increasing year by year. In terms of exploring the factors influencing household energy consumption, Barnes et al. found, based on the energy ladder theory, that the structure of energy consumption shifts as household income increases; when household income increases by a certain amount (US$1000-1500) the consumption of electricity and natural gas increases significantly (Dougherty, 1993). Of course, changes in household energy mix need to take into account other factors such as utilities, resource endowments, cultural preferences, etc. However, because of possible economies of scale, demographic factors are important factors in examining structural changes in household energy consumption (Jingchao et al., 2012).
On the other hand, as urbanisation continues, the differences in energy consumption between urban and rural households have been widely discussed. Urban households have higher energy requirements per capita than other households due to differences in availability endowments (Lenzen et al., 2006). China’s residential energy consumption has significant regional and stepwise characteristics: heating is the main component of winter energy consumption in northern cities; urban households have better energy consumption attributes than rural households in several aspects. Overall, total household energy consumption in China is low, dominated by coal consumption, and there is a large gap between urban and rural household energy consumption behaviour.
Micro-factors of Household Energy Consumption
Since the 1990s, the public has become aware of the fact that large emissions of greenhouse gases are the main cause of warming, and that greenhouse gases mainly originate from human consumption of energy, so that the relevant subjects concerning energy consumption and its carbon emissions have become the focus of academic research. Energy consumption in the household sector, on the other hand, has been a major area of study in recent years where the energy consumption sector is set to grow. Generally speaking, household energy consumption is contextually and morphologically diverse and can be divided into residential energy consumption generated in the internal space of the home and transport energy consumption generated outside the home through the use of private cars.
With regard to the micro perspective on the factors influencing household energy consumption, domestic studies have mainly conducted quantitative analysis from the perspective of household characteristics (e.g., housing type, household size, household type, etc.) and individual attributes (e.g. income level, education level, age stage, occupational category, etc.) (Saunders, 2013). However, the variability in habits and lifestyles of different households is one of the main reasons for intra-household differences in energy consumption. For example, changes in the lifestyles of household members, such as an increase in the number of dual-earner households and more time spent on leisure activities outside the home, can lead to a reduction in the amount of time people spend indoors and, consequently, a reduction in residential energy consumption. However, it has also been suggested that the relationship between residence time and energy consumption should be analysed more comprehensively in relation to the socio-economic characteristics of household members. Many foreign scholars have found that households with fewer members consume more residential energy. In the case of single-person households, for example, these households consume 17–30% more energy than households with two people living together. This finding also demonstrates the importance of economies of scale in reducing energy consumption levels.
Energy Mix Characteristics of Household Energy Consumption
As China’s economy develops and urbanisation progresses, the demand for household energy consumption has increased significantly. In the vast rural areas, it is still common for residents to rely on direct burning of firewood, straw and coal for their daily cooking. According to statistics, in 2014, China’s per capita domestic energy use was 346 kg of standard coal, of which 364 kg of standard coal were used by urban residents and 325 kg of standard coal by rural residents. From the perspective of research, there are three perspectives on China’s rural energy consumption: 1) Based on provincial-level rural energy statistics, the spatial pattern distribution and temporal distribution characteristics of China’s rural energy consumption are studied. 2) A study of the structure and willingness to consume energy in rural areas, based on field survey data from rural households. 3) An analysis of the characteristics of rural individual energy consumption.
There are two different judgments on the transition of rural household energy consumption in academia: one view is that rural households in China still mainly use traditional biomass energy sources such as fuelwood, a representative survey report includes the household energy consumption survey by Renmin University of China (Baltruszewicz et al., 2021), and other studies using household surveys have also reached similar conclusions; the other view is that rural household energy consumption is dominated by coal, a representative study includes The other view is that rural household energy consumption is dominated by coal, and representative studies include a study by Tian Yishui of the Ministry of Agriculture and field research by other scholars. Therefore, it is difficult to judge the stage of rural household energy consumption in China through the results of existing studies alone, and to identify whether a fundamental shift from traditional non-commodity energy to commodity energy has been achieved. The lack of judgement on the current structure of rural household energy consumption will greatly influence the formulation of relevant public policies, such as whether to invest more in rural energy infrastructure, whether to promote policies aimed at eradicating rural energy poverty, and whether to increase efforts to transform and upgrade rural energy.
Regional Structural Characteristics of Household Energy Consumption
The Energy Ladder theory suggests that rural households with low incomes mostly use fuelwood or dung as cooking fuel, and as incomes increase, they gradually move up the ‘energy ladder’ to a new stage of using electrical lighting and fossil fuels for cooking activities. This shift to modern fuels is generally achieved when per capita incomes reach US$1,000 to US$1,500. This theory clarifies the link between income and the type of energy used and indicates the level of income required for the energy transition. According to the “energy ladder” the shift in the structure of energy consumption will be a gradual replacement of polluting energy by clean energy, inefficient energy by efficient energy, and less convenient energy by more convenient energy. Lu Hui et al. used hierarchical analysis to study the relationship between household income and energy consumption structure in Jiangsu and Anhui provinces, and showed that farmers with higher income levels placed more importance on comfort, convenience and hygiene when choosing energy sources (Lu and Lu, 2006).
Energy consumption in rural households in China is likely to go through a process of gradual substitution of high quality energy for low quality energy in a sequential manner (Wang et al., 2018; Zhong et al., 2020). Table 1 presents the corresponding findings of representative literature based on household energy surveys of rural households in China in recent years. As can be seen, the point in time of the study, the area surveyed and the final conclusions vary greatly between the different literatures.
TABLE 1 | Key findings on the structural characteristics of household energy consumption.
[image: Table 1]MODEL CONSTRUCTION AND DATA SOURCES
Household Energy Consumption Forecasting Model Construction
This paper applies the “linear regression-decision tree” method to analyse changes in energy consumption trends in urban households in China, based on a linear variable importance analysis. Figure 1 illustrates the logic of the analysis in this paper. Linearity in this paper refers to linearity in a broad sense, i.e., the relationship between data and data.
1) Principle features of regression
[image: Figure 1]FIGURE 1 | Model training process simulation process.
Assuming that the data is x and the result is y, the model in the middle is actually an equation, which is a one-sided interpretation, but helps us to understand what a model really is. Mathematical modelling is about finding the relationship between data and data from the data given in the question, building a mathematical equation model, and getting the result to solve real world problems (Qi et al., 2021) and finding solutions to real-world problems based on data, especially the processing of random data in the context of big data era (Wang, et al., 2022). It is actually the same as the model in machine learning (Zhang et al., 2020). So what is the general model of linear regression? The general model expression for linear regression is.
[image: image]
The mystery of the model has been unveiled to us in the form of this formula above. Don’t be intimidated by the formula, just know what the model looks like. Suppose i = 0, which represents a quadratic equation, a straight line through the origin in the coordinate system, and so on. Loss function: This is used to estimate the extent to which the predicted value of your model, f(x), is inconsistent with the true value of YY. The smaller the loss function, the better the model will be.
[image: image]
At first the loss function is relatively large, but as the straight line keeps changing (the model keeps being trained), the loss function gets smaller and smaller, thus reaching the minima point, which is the final model we want to obtain. This method is collectively known as gradient descent. As the model continues to be trained, the gradient of the loss function becomes flatter and flatter until the point of minima, where the distance from the point to the line and the minimum, so that the line passes through all the points, which is the model (function) we require. By analogy, the same is true for a high-dimensional linear regression model. The model is optimised using gradient descent to find the extreme value points, which is the process of model training.
But there are two main issues in the process of model fitting. One is that in machine learning model training, the better the generalization ability of a model, the better the model performs. What is the generalisation capability of a model? A model’s ability to generalise: how well a machine learning model learns concepts that the model has not encountered when it is in the process of learning. The generalisation ability of a model is a direct result of the over- and under-fitting of the model. Our goal is to minimise the sum of squares of the points to the line, so it is clear from the above illustration that the middle graph is a good fit, the leftmost case is an underfit, and the rightmost case is an overfit. Underfitting: The predicted value of the training set is quite wrong with the true value of the training set, which is called underfitting. Overfitting: The predicted value of the training set, which exactly fits the true value of the training set, is called overfitting. Underfitting is already well understood, that is, the error is relatively large, and overfitting is the training set on the performance is very good, a new batch of data for prediction results will be very unsatisfactory, generalization generalization is said to be a generalization. The solution uses a regularization term, which is a parameter to the gradient descent formula, i.e., Change in loss function from Eq. 3 to Eq. 4
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Adding this regularisation term has the advantage of controlling the magnitude of the parameters and not allowing the model to become “uncontrolled”. Limiting the parameter search space solves the problem of underfitting and overfitting. As I said before, I’m explaining the principles and optimisation of linear regression models, but when it comes to actually using these methods, it’s a simple matter of saying that someone else has already prepared these computational libraries, thanks to open source!
2) Algorithmic features of decision trees
A decision tree is a supervised learning algorithm. It applies to categories and continuous input (features) and output (predictor) variables (as shown Figure 2). The tree-based approach divides the feature space into a series of rectangles and then places a simple model (like a constant) for each rectangle. Conceptually, they are simple and effective. First we go through an example to understand decision trees. The process of creating a decision tree is then analysed using a formal analytical approach. Consider a simple data set of customers of a lending company. We are given all customers’ checking account balances, credit history, length of tenure and previous loan status. The relevant task is to predict whether the customer’s risk rating is credible. The problem can be solved using the following decision tree.
[image: Figure 2]FIGURE 2 | General logical characteristics of a decision tree.
We now turn our attention to the details of the CART algorithm for regression trees. Briefly, the creation of a decision tree consists of two steps (Kupka et al., 2010).
1. divide the predictor space, i.e., the set of possible values X_1, X_2, …, X_p, into J distinct and non-overlapping regions R_1, R_2, …, R_J.
2. the same prediction is made for each sample observation entering region R_J, and that prediction is the mean of the training sample predictions in R_J.
In order to create J regions R_1, R_2,…, R_J, the predictor regions are divided into high-dimensional rectangles or boxes. The aim is to find the box region R_1, R_2, …, R_J that minimises the RSS by means of the following equation
[image: image]
where yhat_Rj is the average predicted value of the training observations in the jth box shape.
Since this spatial splitting is computationally infeasible, we often use a greedy approach to partition the region, called recursive binary splitting.
It is greedy because at each step of the tree creation process the best partition is selected at each particular step, rather than predicting the future and picking a partition that will appear in future steps and help create a better tree. Note that all partition regions R_j are rectangles. In order to perform a recursive binary partition, the predictor X_j is first selected and the cut point s
[image: image]
where yhat_R1 is the average predicted value of the observed samples in region R_1(j,s) and yhat_R2 is the average predicted value of the observed samples in region R_2(j,s). This process is repeated to find the best predictors and cut points, and to further separate the data to minimise the RSS within each sub-region. However, we do not split the entire predictor space, we only split one or two of the previously identified regions. This process will continue until a stopping criterion is reached, for example we can set the stopping criterion to contain a maximum of m observations per region. Once we have created regions R_1, R_2, … R_J, given a test sample, we can use the average predicted value of all training samples in that region to predict the value of that test sample.
3) Least squares regression tree production algorithm
Input: training set—data set D.
Output: regression tree f(x).
In the input space where the training data set is located, recursively divide each region into two sub-regions and decide on the output value of each sub-region to construct a binomial decision tree.
Step 1: Choose the optimal cut variable j and cut point s. Solve that
[image: image]
Iterate over variable j, scanning the cut point s for a fixed cut variable j, choosing to use the above formula to bring it to a minimum value.
Step 2: Divide the region by the selected (j,s) and decide on the corresponding output value.
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Step 3: continue to call steps (1) and (2) for both subset regions until the stop condition is met.
Step 4: Divide the input space into M regions, R1, R2,…, Rm, to generate a decision tree.
[image: image]
EMPIRICAL ANALYSIS
Analysis of Forecast Results for Urban Household Electricity Consumption

1) Linear forecast results for household electricity consumption
For the process of forecasting household energy consumption, both linear and non-linear forecasting techniques are used in this paper, and the results are compared for two household energy varieties, electricity and natural gas consumption. Figure 3 shows the sub-regional scenarios for linear forecasting of household electricity consumption. Figure 3A represents the national forecast of household electricity consumption levels; Figure 3B represents the forecast of household electricity consumption levels in the eastern region; Figure 3C represents the forecast of household electricity consumption levels in the central region; and Figure 3D represents the forecast of household electricity consumption levels in the western region.
[image: Figure 3]FIGURE 3 | Linear forecast results for national urban household electricity consumption.
The specific forecast results show a high degree of accuracy and trend consistency in the national forecast of household electricity consumption. The forecasted values of household electricity consumption at a national level, as expressed in the total sample forecast, are relatively close to the true value levels. By region, the forecast accuracy is better in the Eastern region, followed by the Western region, and less accurate in the Central region. However, the trend in the distribution of forecast values shows that the forecast values for household electricity consumption in the East, Central and West regions show a better trend than the regional differences in electricity consumption levels.
Figure 4 shows the importance of the predictor variables for household electricity consumption at the national level. The national ranking shows that housing area, urbanisation rate and disposable income per capita are the top three factors in importance, indicating that living environment, urbanisation development and income play an important role in the growth of urban household electricity consumption; in terms of the directional characteristics of the impact, they all contribute positively to the growth of urban household electricity consumption.
2) Non-linear prediction results for household electricity consumption
[image: Figure 4]FIGURE 4 | Ranking the importance of linear predictor variables of electricity consumption in urban households across the country.
Figure 5 shows the non-linear forecast of household electricity consumption by region. In particular, Figure 5A represents the national forecast of household electricity consumption levels; Figure 5B represents the forecast of household electricity consumption levels in the eastern region; Figure 5C represents the forecast of household electricity consumption levels in the central region; and Figure 5D represents the forecast of household electricity consumption levels in the western region. Compared to the linear forecast trend, the non-linear forecast results are more accurate.
[image: Figure 5]FIGURE 5 | Non-linear forecast results for national urban household electricity consumption.
Figure 5A shows the results of the non-linear forecasts of household electricity consumption at a national level. The non-linear forecasts capture the evolution of changes in household electricity consumption in terms of the trend between the forecasted and true values. Across the region, the predicted values of household electricity consumption are highly consistent with the true values and are more accurate than the linear forecasts. The Eastern region model forecasts accurately express the trends and levels of change in the true values, but the forecasts fluctuate more than the true values. At the same time, the predicted values accurately predict the direction of fluctuations in the true values. In the specific case of urban household electricity consumption in the central region, the forecast values accurately predict the trends in household electricity consumption, but are less accurate in terms of the magnitude and direction of fluctuations in the forecast values to the true values. In terms of the forecast for urban household electricity consumption in the western region, similar to the central region, the forecast values pounce well on the trends in total household electricity consumption in the western cities, but in individual cities the gap between the forecast values and the true values is large.
Figure 6 shows the degree of importance of factors influencing urban household electricity consumption in a non-linear forecasting scenario for urban household electricity consumption, from a national as well as a sub-regional perspective. From a national perspective, the level of urbanisation development is the number one factor influencing urban household electricity consumption and has a significant influence. In addition to the level of urbanisation, the top three influencing factors are the size of the housing stock and the price of electricity. The top three most important factors influencing urban household electricity consumption in the Eastern region are consistent with the national level, with the difference being in the order of importance. The first most important factor in the Eastern region is still the level of urbanisation, while the impact of electricity prices on household electricity consumption overtakes that of house size in second place. In the central region, housing area, industrial structure and per capita disposable income are the three most important factors influencing urban household electricity consumption within the region. The area of the house is the first, while the industrial structure and disposable income per capita are the second and third. In the western region, the important factors influencing urban household electricity consumption are more distinctly different from those in the national, eastern and central regions, with house size, electricity price and average temperature being the three most important factors influencing urban household electricity consumption within the region. Further, in terms of economic development in the traditional sense, we find that the level of urbanisation and prices in the more economically developed regions, such as the coast, compared to the inland, are important factors influencing changes in household energy consumption. Factors affecting household electricity consumption in less economically developed regions in the traditional sense, such as the western region, are mainly manifested in factors such as climatic factors and the condition of residence. In the central region, in the context of the new economic development in recent years, the important factors affecting household electricity consumption in urban areas are economic factors such as industrial factors and household income factors.
[image: Figure 6]FIGURE 6 | Ranking the importance of non-linear predictor variables of electricity consumption in urban households across the country.
Analysis of Forecast Results for Urban Household Gas Consumption

1) Linear prediction results for household gas consumption
Figure 7 shows the results of the linear forecast of urban household gas consumption. On a national scale, the overall forecast results are better. At the eastern scale, the trend in the forecast values is the same as the trend in the composition of the true values, with the forecast values largely reflecting the level of change in urban household gas consumption. At the central scale, the overall forecast is lower than the true value of household gas consumption in the central cities, but basically reflects the trend in the composition of household gas consumption, which is a good forecast. At the western end of the scale, the projections are generally closer to the level and composition of household gas consumption.
[image: Figure 7]FIGURE 7 | Linear projection results for urban household gas consumption.
Figure 8 shows the ranking of the importance of the predictor variables in the context of linear consumption of natural gas by urban households. At a national level, the top three most important factors influencing household gas consumption are per capita disposable income, house size and industrial structure, which are positively influencing urban household gas consumption. At the same time, in terms of the negative relationship, we find that the level of urbanisation and natural conditions are negatively important factors influencing the change in urban gas consumption. At the eastern scale, disposable income per capita, industrial structure and average temperature are the main factors that positively influence the change in urban gas consumption, while the level of urbanisation and the volume of gas sales are important factors that negatively inhibit the change in household gas consumption. At the central level, the main factors influencing changes in household gas consumption are industrial structure, urbanisation and per capita disposable income, all of which contribute positively to the growth of household gas consumption. The CPI index, gas sales and weather conditions are the main factors inhibiting the growth of household gas consumption. On a western scale, the size of housing stock and disposable income per capita are the main drivers of change in urban household gas consumption, while annual rainfall, the price of gas sales and industrial structure are the main factors inhibiting the growth of urban household gas consumption.
2) Non-linear prediction results for household gas consumption
[image: Figure 8]FIGURE 8 | Importance of linear predictor variables for urban household gas consumption.
Figure 9 shows the results of the regional perspective on the forecasted changes in urban household natural gas consumption in China in the context of non-linear forecasting techniques. On a national scale, the non-linear forecasting results are closer to the true levels and composition trends of urban household natural gas consumption. On an eastern scale, the point projections for different cities are closer to the true value of urban household gas consumption, but the overall projections are smaller than the true value of gas consumption. At the central scale, the forecasts of urban household gas consumption are more accurate in predicting the trends and composition of the true values, but in the comparison of the forecasts of urban household gas consumption levels, the majority of the forecasts are lower than the true values. At the western end of the range, the forecasts for urban household gas consumption are good, with the forecasts for gas consumption levels in the sample cities generally close to the true levels and reflecting the composition of the true values, demonstrating the accuracy of the non-linear forecasts in the urban household gas consumption process.
[image: Figure 9]FIGURE 9 | Non-linear forecast results for urban household gas consumption.
Figure 10 shows the degree of importance of the influencing factors affecting changes in household gas consumption in the non-linear forecasting process for urban household gas consumption. At a national level, the factors influencing changes in urban household gas consumption remain the sales price of gas, the size of the housing stock and disposable income per capita. At the eastern level, disposable income per capita, industrial structure and the level of urbanisation are the main factors that positively drive changes in urban household gas consumption. At the central scale, climatic conditions (average temperature) are the absolute drivers of growth in urban household gas consumption. At the western scale, the size of housing stock, the price of natural gas sales and the average temperature are important factors influencing the change in urban household gas consumption within the region. From a non-linear forecasting perspective, all influencing factors are positively associated with the level of change in urban household gas consumption.
[image: Figure 10]FIGURE 10 | Importance of non-linear predictor variables for urban household gas consumption.
The forecasting analysis of urban household electricity and natural gas consumption above shows that the overall non-linear forecasting technique is superior to the linear forecasting technique. From a sub-regional research perspective, the drivers affecting household energy consumption vary across regional scales, showing significant regional differences. This may be related to the differences in the scale and level of development of the more pronounced regional economies in China.
Analysis of Forecast Results for Urban Household Gas Consumption

1) Evaluation of urban household electricity consumption forecasts
This paper uses the DT-SVR non-linear technique for forecasting urban household energy consumption. Specific analyses were carried out to forecast and analyse urban household electricity consumption levels from four perspectives: national, eastern, central and western. In order to assess the effectiveness of the DT-SVR forecasting technique chosen in this paper, the forecasting results are evaluated in this paper, comparing the accuracy evaluation criteria of the linear and non-linear forecasting approaches respectively.
Table 2 indicates the accuracy evaluation indicators for the forecasts in this section. Firstly, the squared absolute error values of forecasts for national urban household electricity consumption show that the mean absolute error (MAE) values for the decision tree algorithm and the support vector machine approach are significantly smaller than the MAE values under the linear forecasting approach. At the same time, the root mean-square error (RMSE) values for the decision tree algorithm and the support vector machine approach are significantly smaller than the RMSE values under the linear forecasting approach. These types of evaluation indicators illustrate that at the national level, non-linear forecasting of household electricity consumption is more accurate. Secondly, the accuracy of the urban household electricity consumption forecasting results is seen in the eastern, central and western parts of the region, while the mean absolute error and root mean square error values of the non-linear forecasts are significantly smaller than the MAE and RMSE values of the linear forecasts. Further, this paper shows the results of linear and non-linear forecasting techniques by comparing the directional symmetry of the forecasts. The results show that the directional symmetry of directional symmetry (DS) under the national urban household electricity consumption level forecast is significantly higher than the DS value obtained under the non-linear forecasting technique.
TABLE 2 | Comparison of evaluation indexes of linear and non-linear results.
[image: Table 2]These results further validate the role of non-linear forecasting techniques in influencing the level of urban household electricity consumption.
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4) Trends in non-linear forecasts of household electricity consumption
Table 3 shows the forecast trend of household electricity consumption in major cities in eastern China. The forecast results show that in mega cities, such as Beijing, Tianjin and Shanghai, household electricity consumption is forecast to show a year-on-year growth trend from 2019 to 2023. The DT-SVR non-linear forecast finds that household electricity consumption in cities such as Xiamen and Ningbo will show fluctuations in individual years from 2019 to 2023. In comparison, urban household electricity consumption in Hangzhou and Fuzhou will show individual year declines.
TABLE 3 | Forecast trends in urban household electricity consumption in the Eastern Region (billion kWh).
[image: Table 3]Table 4 shows the forecast trend of household electricity consumption in major cities in Central China. The forecast results indicate that urban household electricity consumption in the central region is expected to exhibit a continuous growth trend during 2019–2023. The forecast results show that in major coal producing provinces, such as Shanxi, urban household electricity consumption shows a relatively large expected growth. Central cities, such as Wuhan, also show very strong growth in urban household electricity consumption. From a regional perspective, cities in the northeastern provinces, such as Changchun and Harbin, show greater potential for growth in urban household electricity consumption.
TABLE 4 | Forecast trends in urban household electricity consumption in the Central Region (in billion kWh).
[image: Table 4]Table 5 shows the forecast trends in household electricity consumption levels for the major cities in the western region of China. Western cities’ household electricity consumption will show a large fluctuating trend between 2019 and 2023. Chengdu, as one of the major representatives of cities in the western region, maintains a continuous growth momentum. While urban cities such as Lanzhou, Yinchuan and Xi’an have expected consumption fluctuations in urban household electricity consumption from 2019 to 2023. While cities in remote areas, such as Urumqi will continue to increase the level of urban household electricity consumption, maintaining a clear trend of growing household electricity consumption.
2) Evaluation of urban household gas consumption forecasts
TABLE 5 | Forecast trends in urban household electricity consumption in the Western Region (in billion kWh).
[image: Table 5]This paper uses the DT-SVR non-linear technique for forecasting urban household energy natural gas. In order to assess the validity of the DT-SVR forecasting technique chosen in this paper, the results are evaluated by comparing the accuracy evaluation criteria of linear and non-linear forecasting methods. For the forecasting of urban household gas consumption levels, the paper also compares the model evaluation values of the above three forecasting techniques. The analysis shows that both at the national and sub-regional levels, the decision tree non-linear forecasting technique is more accurate than the non-linear analysis technique, in terms of the level of values taken for the three types of indicators. The mean absolute error (MAE) and root mean square error (RMSE) values for non-linear forecasting are smaller than the corresponding evaluation indicator values for the decision tree forecasting technique (Rasheed, 2021). Comparing the linear forecasting technique with the support vector machine analysis technique similarly expresses the high accuracy of the non-linear forecasting technique in the forecasting process of urban household gas consumption levels. Further, this paper compares the directional symmetry indicators of urban household natural gas consumption level forecasting and finds that none of the DS values of the non-linear forecasting techniques are smaller than those of the linear forecasting techniques, illustrating the good results of this paper’s DS-SVR non-linear forecasting model in urban household natural gas consumption level forecasting (as shown in Table 6).
4) Trends in non-linear projections of household gas consumption
TABLE 6 | Comparison of prediction results between linear and non-linear prediction methods.
[image: Table 6]Table 7 shows the projected trends in the amount of change in household natural gas consumption in the major cities in the eastern region of China. Household natural gas consumption in the major cities all show an increasing trend of change. Natural gas, as the main source of energy consumption in major urban households, shows an almost consistent trend of growth in consumption in all large cities. In particular, cities such as Background, Tianjin and Qingdao. Relatively speaking, the total level of household natural gas consumption in the sub-developed cities on the eastern seaboard was largely flat, but still maintained its future growth trend.
TABLE 7 | Projected trends in urban household gas consumption in the Eastern Region.
[image: Table 7]Table 8 shows the projected trends in the level of household natural gas consumption in the central region of China. Looking at the forecast levels for the major cities, the incremental increases in household natural gas consumption in central cities are modest, but all have a trend of year-on-year growth. In comparison, cities along the Yangtze River, such as Wuhan and Changsha, have higher levels of total annual household gas consumption than most other cities. Taiyuan, as one of the major representatives of central cities, has a more pronounced growth trend in urban household gas consumption.
TABLE 8 | Projected trends in urban household gas consumption in the Central Region.
[image: Table 8]Table 9 shows the projected trends in household natural gas consumption levels in the western region of China. As representatives of the cities in the western region, Xi’an and Chengdu cities have continued to increase their household energy consumption changes. In contrast, cities in remote areas such as Lanzhou and Xining cities show a smaller increase in household natural gas consumption. Yinchuan, on the other hand, is expected to show a more significant change in natural gas growth trends.
TABLE 9 | Projected trends in urban household gas consumption in the Western Region.
[image: Table 9]In summary, projections of natural gas consumption levels in urban households in China show significant regional variation. There are regional differences not only in the annual aggregate characteristics of the change in natural gas consumption growth, but also in the comparative magnitude of growth. Projections of household gas consumption are generally higher in developed coastal cities than in less developed inland cities; and the growth trend in household gas consumption is generally higher in cities with faster economic growth inland than in cities with less developed economic development. These characteristics will play a positive role in the process of formulating and evaluating household energy consumption policies, and will help to objectively assess the effectiveness and regional synergistic effects of household energy policies.
DISCUSSION OF THE PREDICTED RESULTS OF URBAN HOUSEHOLD ENERGY CONSUMPTION
Discussion of Forecast Results for Household Electricity Consumption
Electricity consumption is the main type of energy consumed by urban households in China and has a diversity of uses. The level of urbanisation development becomes an important factor influencing urban household electricity consumption, both in non-linear and linear projections (Baltruszewicz et al., 2021). From an analytical perspective of household energy policy efficiency, urbanisation development is an important economic category in China, with two points of concern: firstly, the path of urbanisation development in China, whether it manifests itself in the form of population migration as urbanisation progresses, or in the form of local urbanisation. Secondly, the availability of household energy in the development of urbanisation. In terms of the first point, we argue that the development of urbanisation changes the quality and level of accessibility of household energy consumption. In particular, for the period of transition from rural to urbanisation, urbanisation has on the one hand reduced the structure of energy supply for rural households after urbanisation and on the other hand increased the cost of energy access for urban households (Shen et al., 2020). Electricity, as a clean, modern energy source, has two important apparent outcomes in the urbanisation process. One is the total growth of electricity consumption due to the influence of energy consumption rigidity; the other is the total growth of electricity consumption due to the substitution between energy consumer goods. This is particularly true for the movement of people in the development of urbanisation (rural-urban migration due to urbanisation).
The level of per capita income remains a major constraint on household energy consumption in central and western cities. In recent years, with China’s Belt and Road Economic Belt initiative and a series of policies to vigorously develop content city clusters, public income levels have gradually increased under the operating mechanism of urbanisation development pushing back the economy (Mrówczyńska et al., 2020). In rural areas in particular, the phenomenon of energy poverty has gradually improved in individual areas. But the potential for the role of per capita income levels on household energy consumption is stronger in the central and western range. On the one hand, income factors remain the main constraint on the ability to spend on consumption in the traditionally less developed regions of the Midwest. On the other hand, the gradual increase in income levels has been accompanied by a gradual release of the potential for household energy consumption. In this sense, the potential for urban household energy consumption, particularly electricity consumption, in the central and western regions will continue to grow in the short term as income levels increase.
Discussion of Forecast Results for Household Gas Consumption
Natural gas consumption is one of the key categories of energy consumption in urban households (Wang et al., 2021). In this paper, both linear and non-linear forecasting techniques are applied to urban household gas consumption. The results show that the non-linear forecasts more accurately reflect the changes and trends in the composition of urban household natural gas consumption, but the important factors affecting urban household natural gas consumption vary slightly across regions. Overall, the main factor influencing urban household gas consumption is income level (Gassar et al., 2019). However, in China’s urbanisation process, there are important structural factors in household gas consumption, namely the composition of the main consumers of gas in urban households. This is inextricably linked to the way in which China’s urbanisation is progressing. As mentioned earlier, the transfer of rural to urban populations will contribute to the growth of urban household gas consumption in terms of aggregate uplift. The urbanisation of rural areas in situ will contribute to the change in the total volume of household gas consumption from the perspective of the structural composition of the consumer group. The process of urbanisation has, in some cases, reduced the ease and diversity of access to energy in rural areas and increased the consumption of key energy sources. This is also influenced to some extent by supply policies accordingly.
In terms of the impact of rising incomes on urban household gas consumption, the impact of disposable income on changes in urban household gas consumption within the Midwest is more pronounced (Jürisoo et al., 2019). From the indication of the forecast results, the sales price of natural gas is an important factor influencing natural gas consumption. On the one hand, urban residents are less price sensitive to household natural gas consumption due to the rigid nature of natural gas consumption in the context of urban life; on the other hand, the potential of income to stimulate consumption capacity is under-stimulated in the urban household consumption scenario. That is, with the further rise in income levels of urban residents in less developed regions and the further acceleration of urbanisation, the growth in total urban household natural gas consumption will increasingly manifest itself in the continued growth of total urban household natural gas consumption. At the same time, while taking into account economic factors, social factors, climate factors are also key elements affecting natural gas consumption. Natural gas consumption is a modern clean energy source and an important source of supporting urban household energy consumption in the urbanisation process. In the future, as the urbanisation process accelerates and develops, the total change in urban household natural gas consumption will continue to maintain a continuous growth process.
CONCLUSION
In this paper, we apply linear and non-linear forecasting techniques to forecast and analyse the trends in total urban household electricity and natural gas consumption and the factors affecting them. In the implementation of the forecasting analysis, we compare the forecasting accuracy of household electricity and natural gas consumption in the context of linear and non-linear analyses respectively. Also, the important factors influencing urban household electricity and natural gas consumption are examined and ranked separately in the context of the two forecasting techniques. Again on the basis of this the research implications and value of the forecasting results are analysed through discussion.
The findings show that non-linear forecasting techniques are highly effective in accurately portraying changes in urban household electricity consumption and changes in total natural gas consumption. When looking at the factors influencing urban household electricity consumption and natural gas consumption from four scoping perspectives - nationwide, eastern, central and western the degree to which the main influencing factors play a role varies and exhibits significant regional differences.
In general, the important influencing factor on household energy consumption in the eastern region is mainly manifested in the level of urbanisation development, the influencing factor on household energy consumption in the central region is mainly influenced by factors such as industrial structure, and the change in total urban household energy consumption in the western region is more influenced by natural conditions and income levels. From the traditional sense of the degree of economic development, within the less developed economic development regions, income level is still the main factor limiting the change in urban household energy consumption, income level on household energy consumption has not been stimulated in the process of economic development in these less developed regions, is not yet fully released, will be further manifested in the promotion of household energy consumption on the role. Urbanisation as an important factor in examining household energy consumption, its different development patterns and processes will gradually be reflected in the choice of urban household energy consumption and changes in total consumption and other scenarios. This is also an important consideration in the development of household energy policies.
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