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In order to actively respond to the global climate and environmental challenges, and to help achieve the goal of carbon peaking and carbon neutrality, China aims to achieve carbon peaking by 2030. As the main contributor of energy consumption, construction industry transformation is imminent. This paper focuses on the development trend of carbon emissions in Anhui construction industry in the next 20 years, and how to help Anhui construction industry achieve the carbon peak target. The research process and conclusions are as follows: 1) Through literature review and gray correlation analysis, seven important factors affecting the construction industry are identified. 2) The gray prediction EGM(1,1) model was adopted to forecast the carbon emissions of the construction industry in Anhui Province from 2021 to 2040. The research results show that carbon emissions will increase year by year in the next 20 years. 3) The EGM-BP neural network model was used to further predict the carbon emissions from the construction industry in 2021–2040. It is expected that the carbon emissions from construction industry in Anhui Province will show an “inverted U″ trend in the next 20 years, and is expected to reach its peak in 2031, after which it will start to decline. Based on the results of the above study, we provide support paths for achieving the carbon peak in the construction industry from the perspective of improving and developing the construction system, and provide policy suggestions for relevant departments to accelerate the construction industry and carbon peak construction in Anhui Province.
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1 INTRODUCTION
Since the industrial revolution, the human ability to develop and utilize natural resources has been increasing, underground mineral deposits have been mined and smelted in large quantities, fuel consumption has increased dramatically, and carbon dioxide emissions have increased significantly with the large-scale development and use of fossil fuels such as coal, oil and natural gas. At the same time, the industrial revolution has also accelerated the urbanization process, large-scale urban construction has destroyed the original land environment, and the industrial “three wastes” brought about by urban production and living have dried up the environmental ecology of the region directly threatening human health. In response the United Nations Intergovernmental Panel on Climate Change (IPCC) released the “IPCC Special Report on Global Warming of 1.5 °C″, which emphasized that industrialization has made the global temperature increase by about 1.0 °C than before, and if not controlled, the global warming will be 1.5 °C in 2030–2052. To limit warming to 1.5°C, global carbon emissions need to be halved by 2030 and reach net zero by the middle of the century (IPCC., 2020).
At present, 49 countries in the world have reached the carbon peak, and more than 120 governments have pledged to achieve carbon neutrality. As the world’s largest developing country in terms of carbon emissions, the Chinese government attaches great importance to and has adopted a series of policy measures. In 2016, China signed the Paris Agreement, promising to work with other countries in the world to face the global climate change that mankind is facing (Zhang et al., 2022). On 22 September 2020, the Chinese government promised at the United Nations General Assembly that China would strive to achieve carbon peak by 2030 and carbon neutrality by 2060. In March 2021, the government work report of the State Council pointed out that we should do a solid job on carbon peaking and carbon neutralization, formulate an action plan for reaching the peak of carbon emissions by 2030, and optimize the industrial structure and energy structure.
The United Nations Environment Programme points out that the construction industry accounts for 36% of global final energy consumption and 37% of energy-related carbon dioxide emissions in 2020 (Song et al., 2019). In order to cope with the global climate change problem and promote carbon emission reduction, the National Plan to Address Climate Change proposes that a sound basic statistical system for greenhouse gas emissions should be established for greenhouse gas emission standards in key industries such as the construction industry, and the issue of carbon emissions from the construction industry has become a strategic concern for China. In recent years, the output value of China’s construction industry has been climbing year by year, and by the end of 2021 it was close to 300,000 billion yuan, an increase of 11.04% year on year. As a major carbon emitter, the construction industry has always had the problem of high resource consumption and high pollution emissions, and as China’s urbanization continues to increase, carbon emissions from the construction production process are also climbing. The China Building Energy Conservation Society issued the China Building Energy Consumption Research Report 2020, which pointed out that carbon dioxide emissions accounted for 51.2% of the national energy carbon emissions in the whole life cycle of buildings in 2018 (China Association of Building Energy Efficiency, 2021). This shows that buildings have become a major contributor to energy consumption in China and worldwide. The construction industry is an important area of end-use energy consumption and CO2 emissions. With the increasing urbanization, the new construction area in China is increasing year by year, which poses a great challenge to achieve the double carbon target. Therefore, it is urgent for the construction industry to actively respond to the challenges of global climate environment and help achieve the goal of carbon peak and carbon neutrality.
2 LITERATURE REVIEW
In recent years, the academic community has done a lot of research on the carbon emission reduction of the construction industry, involving the calculation of the carbon emission of the construction industry, the analysis of the influencing factors of carbon emission, the prediction of the peak neutralization of carbon in the construction industry and the research on the path of carbon emission reduction.
Zhang and Liu. (2013) divided the carbon emissions of the construction industry into direct carbon emissions and indirect carbon emissions, introduced the input-output method into the calculation of carbon emissions of the construction industry to calculate the indirect carbon emissions, and put forward the concept of correlation carbon emission coefficient and carbon emission pull coefficient. Feng et al. (2014) established a model according to the IPCC carbon emission calculation method, calculated the construction carbon emissions of each province, and analyzed the decoupling status of the construction industry in each province. Zhou J. et al. (2019) used the GVAR model to study the driving factors of carbon emission efficiency of the construction industry. The empirical results show that technological progress and energy structure adjustment can promote the improvement of carbon emission efficiency of the construction industry, but the expansion of economic scale is of great significance to the improvement of carbon emission efficiency of the construction industry. Li D et al. (2020) used the LMDI decomposition method to analyze the drivers of carbon emissions in the construction industry in Jiangsu Province, and the results show that the area factor and the output intensity factor have the greatest impact on carbon emissions. Chi et al. (2021) Used the STIRPAT model to study the factors influencing carbon emissions in the construction industry in China, the study shows that floor area and indirect emission intensity have the greatest influence on carbon emissions in the construction industry. There are also more studies on carbon emission forecasting in the construction industry. Li B et al. (2020) used scenario analysis to predict the peak carbon emissions of China’s construction industry under three different scenarios from 2018–2045 and examines the key factors affecting carbon emissions. The results show that GDP has the highest cumulative contribution to carbon emissions from China’s construction industry, labor productivity and output carbon intensity have a suppressive effect on carbon emissions from the construction industry, followed by a peak in 2045 under the baseline scenario, a peak in 2030 under the low-carbon scenario, and a peak in 2020 under the technological breakthrough scenario. Chi et al. (2021) constructed a provincial CO2 emission measurement model for China’s construction industry, and after the study, he concluded that CO2 emissions from China’s construction industry show a trend of increasing and then decreasing, and it is expected that carbon emissions from the construction industry will reach a peak in 2034. Wang G et al. (2022) predicted the peak carbon emission of public buildings in China. The research shows that under the basic scenario, the carbon emission of public buildings will reach the peak in 2041, and under the low-carbon scenario, it will reach the peak in 2030. Jiang L et al. (2022) studied the energy related carbon emissions of China’s construction industry from 2007 to 2017. The study found that optimizing the energy consumption structure of the construction industry has a significant emission reduction effect on the growth of energy carbon emissions of China’s construction industry, and provided suggestions for China’s construction industry from the aspects of supply side energy varieties and demand side industries.
For the construction industry, in order to achieve the strategic goal of carbon peak and carbon neutralization, it not only depends on the national macro-control, but also makes targeted carbon reduction countermeasures according to the local actual situation. At present, there are few studies on the dual carbon related to the provincial construction industry. This paper starts with the actual situation of the construction industry in Anhui Province, and uses EGM (1.1) model and BP neural network to predict the carbon emission trend of the construction industry in Anhui Province from 2021 to 2040. Explore the key factors that affect the carbon emission of construction industry in Anhui Province, and provide practical suggestions for the carbon reduction work in Anhui Province.
3 DATA SOURCES
3.1 Research area
Anhui Province is located in the Yangtze River Delta in East China, with a total area of 140100 square kilometers. By the end of 2021, Anhui has a permanent population of 61.13 million. With the development of economy, by 2020, there are 5878 construction enterprises in Anhui Province, with 2037300 employees and a total output value of 93651164 yuan. The total output value of the construction industry accounts for 25% of the GDP of Anhui Province, and the scale of the construction industry continues to expand. The large proportion of the construction industry in the economy shows the importance of the construction industry for the economic development of Anhui Province. The development of the construction industry has also brought many impacts on the environment, and the economic development has also increased the difficulty of carbon emission reduction. This paper selects Anhui Province as the research object, as shown in Figure 1. To study the development trend of carbon emissions from the construction industry in Anhui Province, explore the path to reach the peak of carbon emissions in the construction industry in Anhui Province, and put forward policy suggestions for achieving the goal of reaching the peak of carbon emissions in Anhui Province.
[image: Figure 1]FIGURE 1 | Study regional location map.
3.2 Data sources
The data involved in this paper are from the statistical yearbook and Anhui construction industry statistical yearbook on the website of Anhui Provincial Bureau of statistics or the National Bureau of statistics. According to the research object of the article, the basic data of Anhui Province from 2006 to 2020 are selected as the research data, and some index data are obtained through grey correlation analysis.
4 METHODS OF RESEARCH
4.1 Calculation method of carbon emission from construction industry
The carbon emission of the construction industry mainly comes from two parts. The first is direct carbon emission ([image: image]). Carbon emissions from coal, gasoline, oil, natural gas, electricity and other energy consumed by the construction industry’s own production activities (Zhang and Liu., 2013). Second, indirect carbon emissions ([image: image]). Mainly carbon emissions from the production and use of building materials commonly used in the construction industry, such as cement, steel, wood, glass, aluminum, etc. According to the IPCC carbon emission calculation method, the carbon emission calculation model of the construction industry is created as follows (Feng et al., 2014):
[image: image]
[image: image]is the energy consumption of the construction industry in each year; [image: image]is CO2 emission factor of standard coal, According to the IPCC guidelines for the preparation of national greenhouse gas inventories, the CO2 emission factor of standard coal is calculated as 2.772; [image: image]is the consumption of building materials; [image: image]is the CO2 emission coefficient of building materials; [image: image]is the recovery factor of building materials. The recovery factor of steel is 0.80, that of aluminum is 0.85, and that of other building materials is 0. The carbon dioxide emission coefficient of building materials is shown in Table 1.
TABLE 1 | Carbon dioxide emission coefficient of building materials.
[image: Table 1]4.2 Grey correlation analysis
Grey system theory is a system science theory initiated by Professor Deng Julong in 1982. It is one of the important achievements in the field of uncertain system research. The grey correlation analysis in the grey system theory refers to the quantitative description and comparison of the development and change trend of a system. It is to judge whether the relationship is close by determining the geometric similarity of the reference series and several comparison series. It reflects the correlation degree between curves (Yi and Liu, 2011). Relevance is a measure of the relevance between things and factors. It quantitatively describes the mutual changes between things or factors, that is, the relativity of the magnitude, direction and speed of changes. If the change situation of things or factors is basically the same, it can be considered that the degree of correlation between them is large, on the contrary, the degree of correlation is small. For carbon emission related research, Chinese scholars often use regression, correlation and other statistical analysis methods, but the above methods often require large enough data and obvious distribution characteristics. For the data with small amount of data and less obvious sample law, grey correlation analysis can be used to process the data. Relatively speaking, grey correlation analysis requires less data, has low requirements for data, has simple principle, is easy to understand and master, and overcomes and makes up for the above shortcomings. Therefore, this paper uses grey correlation analysis to screen the influencing factors of carbon emissions from the construction industry and get the key factors. The steps of grey correlation analysis method are as follows (Liu et al., 2013):
First step, set reference sequence.
[image: image]
Comparison sequence.
[image: image]
Second step, normalization of data. The calculation formula is:
[image: image]
Third step, the absolute difference is obtained by subtracting the reference series from the comparison series. The calculation formula is as follows:
[image: image]
Fourth step, calculate the number of gray correlation coefficients. The calculation formula is as follows:
[image: image]
[image: image]is the discrimination factor, which normally takes the value of 0.5.
Fifth step, calculate the gray correlation degree. The calculation formula is as follows:
[image: image]
4.3 Grey prediction model EGM (1, 1)
After professor Deng Julong announced the birth of grey system theory in 1982, after decades of development, it has become a new discipline and is increasingly widely used. Grey system theory is a set of theories and methods to solve grey system, which extends the viewpoints and methods of general system theory, information theory and Cybernetics to abstract systems such as society, economy and ecology, combined with mathematical methods. Grey system theory has been successfully applied to many fields such as industry, agriculture, society and economy, and has solved a large number of practical problems in production, life and scientific research. The grey system theory takes small data, poor information and uncertain systems with some known information and some unknown information as the research object. It mainly extracts valuable information through mining some known information, so as to realize the correct description and effective monitoring of the system operation behavior and evolution law. Among them, the grey prediction model is one of the most active and widely used grey system models. It has a good prediction effect for this kind of data with few sample years.
Shaheen et al. (2020) studied the impact of Turkey’s economic growth on environmental degradation through GM (1.1) model. The research results show that power utilization and economic growth have accelerated carbon dioxide emissions. In the long run, agriculture, forestry and fisheries have reduced Turkey’s environmental pollution. Jiang et al. (2021) established a GM (1.1) prediction model to predict the carbon emissions and added value of various industries in China. The results confirm that the carbon emissions of various industries in China are on the rise and will be significantly reduced by 2030. Wang G et al. (2022) used GM (1.1) and BP neural network to study the trend of China’s carbon emission reduction in the next 40 years under the influence of the development of green finance. The research results show that China’s carbon dioxide emissions are expected to show an “inverted V″ trend in the next 40 years. It is expected that China’s carbon dioxide emissions will reach the carbon peak in 2032 and reach carbon neutrality in 2063. Therefore, this paper establishes a EGM (1.1) grey prediction model to simulate the carbon emission data of Anhui construction industry from 2011 to 2020, and then predicts the carbon emission data from 2021 to 2040. The method of constructing EGM (1.1) model is as follows (Wang Y et al., 2022):
First step, set the original sequence:
[image: image]
Generate a new series by accumulating once:
[image: image]
Convert to mean form:
[image: image]
[image: image]
Second step, establishing the whitening differential equation. That is the EGM(1,1) model,
[image: image]
[image: image]and[image: image]are the coeffificient to be solved, and[image: image]is an evolution parameter, [image: image]is the grey action.
[image: image]
Combine (12) with (13):
[image: image]
Third step, averaging the accumulated data to generate B and the constant term vector Yn,
[image: image]
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Use the least square method to get[image: image]and substitute it into Eq 12, then,
[image: image]
Fourth step, the time response equation is obtained as follows:
[image: image]
4.4 BP neural network
BP neural network was proposed by a research team led by Rumelhart and McClellan in 1986. It is a multilayer feedforward network trained based on error back propagation algorithm. It is one of the most widely used neural network models at present. BP neural network has a strong nonlinear learning ability. In fact, it is a parallel distributed processor composed of multiple neurons. It can learn the data, master the ability to classify and judge the data, and store the experience gained through learning. Neural network can get some skills from the outside through the learning and training process. After the learning process, it will respond to the external stimuli encountered in the learning process according to the learned rules. BP neural network model has input layer, hidden layer and output layer. The basic principle is shown in Figure 2.
[image: Figure 2]FIGURE 2 | BP neural network structure diagram.
The number of input layer nodes is n, and the number of hidden layer nodes is m,[image: image]is the weight from the input layer node i to the hidden layer node j; [image: image]is the weight; from the hidden layer node to the output layer j. The relationship between input layer and output layer in BP neural network structure is expressed by activation function. The input layer data is mapped to the output layer by activation function. The activation function must be derivable everywhere. S-type function is commonly used in BP neural network.
The data is calculated and corrected by forward propagation and error back propagation. This process is repeated until the error is less than the previously set target error. Zhou et al. (2018) used the improved BP neural network to predict the carbon emissions under different scenarios in Beijing, Tianjin and Hebei. The results show that under the low-carbon scenario, the carbon emissions will be in the declining stage from 2015 to 2018, and will be in the rising stage from 2019 to 2030. Under the basic and high carbon scenarios, carbon emissions will peak in 2025 and 2028 respectively. Chai et al. (2022) used BP neural network to predict the carbon emission trend in Xinjiang. The research shows that the peak time of low-carbon scenario is the earliest, between 2029 and 2033. From 2032 to 2037, the peak time of the baseline scenario is later than that of the low-carbon scenario, while the peak time of the high-carbon scenario is the latest, which is unlikely to arrive before 2050.
5 ANALYSIS OF DATA
5.1 Identification of influencing factors
In recent years, many scholars have conducted relevant research on the influencing factors of carbon emissions from the construction industry. Through literature review, the influencing factors of carbon emissions from the construction industry are identified, and the identification results are shown in Table 2.
TABLE 2 | Identification of influencing factors of carbon emission in construction industry.
[image: Table 2]Through the data collection of the statistical yearbook of Anhui Province and the statistical yearbook of China’s energy from 2006 to 2020, the relevant data are substituted into the carbon emission calculation formula of the construction industry 1) to obtain the carbon emission of the construction industry in Anhui Province. Basic data are shown in Table 3.
TABLE 3 | Carbon emissions and influencing factors data.
[image: Table 3]Take the carbon emission of construction industry in Anhui Province as the reference sequence and the other 10 influencing factors as the comparison sequence, the correlation degree between the factors can be obtained by substituting into the correlation degree calculation formula, as shown in Table 4.
TABLE 4 | Correlation degree of influencing factors.
[image: Table 4]According to the correlation degree of each factor, the factors that affect the carbon emission of construction industry in Anhui Province from large to small are: per capita GDP of construction industry, labor productivity, energy consumption of construction industry, building area, total output value of construction industry, number of construction industry employees, urbanization rate, industrial structure, total population and energy consumption intensity of construction industry.
5.2 Prediction and analysis of data
5.2.1 Solution to grey prediction EGM (1, 1) model
In this paper, we use MATLAB software to establish a gray prediction model to simulate and forecast the carbon emissions of construction industry in Anhui Province from 2021 to 2040 based on the relevant data of Anhui Province from 2006 to 2020, and the simulation and forecast results are shown in Figure 3. The accuracy table of the prediction model calculation is shown in Table 5. After calculation, the variance ratio of this prediction model is C = 0.35, and the probability of small error p = 1. Comparing with the accuracy table of the prediction model calculation, it can be concluded that the accuracy grade of this prediction model is good.
[image: Figure 3]FIGURE 3 | Grey prediction of carbon emission from construction industry in Anhui Province.
TABLE 5 | Standard grade table for calculation accuracy of prediction model.
[image: Table 5]Through the grey prediction model, the prediction of the carbon emissions of the construction industry in Anhui Province from 2006 to 2040 can be seen that the actual value from 2006 to 2020 is basically consistent with the predicted value, and the error is small, indicating that the prediction fitting is good. However, due to the weak trend change of grey prediction model, it can only show a monotonic increasing or decreasing trend. Therefore, it is necessary to further improve the prediction of carbon emissions.
5.2.2 Construction of carbon emission prediction model for construction industry
According to the calculation of grey correlation degree, seven factors such as per capita GDP of construction industry, labor productivity, energy consumption of construction industry, building area, total output value of construction industry, number of construction industry employees, urbanization rate and industrial structure are selected as the input values of BP neural network model. The carbon emission of Anhui construction industry from 2006 to 2020 is taken as the output variable of BP neural network. Then the input layer is seven and the output layer is 1. According to the empirical formula, the number of neurons in the hidden layer is[image: image].The number of hidden layer neurons can be calculated to be between 4–12, and the number of hidden layers selected for this model is 9. A 7–nine to one structure BP neural network is established. The obtained neural network regression curve is shown in Figure 4.
[image: Figure 4]FIGURE 4 | Regression curve.
It can be seen from Figure 4 that the correlation coefficient between the output value of the training sample and the expected value is 0.93503, the correlation coefficient between the validation sample and the test sample is 0.99999, and the correlation coefficient of the whole sample is 0.94014. The data regression is good. The fitting diagram between the actual value and the predicted value of carbon emissions from the construction industry in Anhui Province from 2006 to 2020 as shown in Figure 5A. According to the fitting curve, the deviation between the actual data and the expected data is small, and the generalization ability of the training network is strong. This model is suitable for the prediction of carbon emissions from construction industry in Anhui Province.
[image: Figure 5]FIGURE 5 | Prediction results of BP neural network model (A) Fitting diagram of actual and predicted carbon emissions of construction industry in Anhui Province from 2006 to 2020 (B) Predicted value of carbon emission from construction industry in Anhui Province from 2021 to 2040.
Use MATLAB software to predict the carbon emission of construction industry in Anhui Province from 2021 to 2040. The results are shown in Figure 5B.
6 DISCUSSION
According to the gray prediction results, the carbon emissions of construction industry in Anhui Province will continue to grow in the next 20 years and fail to reach the peak of carbon emissions by 2030. However, the gray prediction model tends to show only a single trend of change, with the development and innovation of building technology and the state’s attention to the dual carbon strategic goal, energy consumption will not increase all the time. China plans to achieve carbon peak in 2030 and carbon neutralization in 2060. At present, all industries and regions are actively responding to the national call for energy conservation and carbon reduction, and have achieved some good results. Therefore, it can be expected that the carbon emissions of the construction industry in Anhui Province will fluctuate or gradually decrease in the future.
According to the simulation results of BP neural network, the carbon emission of Anhui province construction industry will show an “inverted U″ trend. Until 2031, the carbon dioxide emissions have been rising without decreasing trend, mainly because the construction industry accounts for a large proportion of the national economy and is a pillar industry in China, and it is difficult to change the existing industrial structure and energy consumption mode in a short time, so it does not reach the peak of carbon emissions before 2030. After the macro policy regulation and control as well as technological innovation, the carbon emission of construction industry in Anhui Province has been continuously reduced from 2031. This proves the effectiveness of a series of policy measures adopted in Anhui Province. However, there is still a gap between the predicted results and China’s dual carbon strategy goals, indicating the need for Anhui Province to make efforts in many aspects. Aiming at the impact of the development of the construction industry on the realization of the carbon peak goal, this paper puts forward relevant policy suggestions for the development and improvement of the construction industry system, so as to promote the realization of the carbon peak goal in China. In this paper, the factors affecting the carbon peak of the construction industry are screened according to previous studies, and other factors affecting carbon emissions are not considered. Therefore, the best prediction ability of BP neural network may not be achieved when establishing BP neural network model.
7 SUGGESTIONS
This paper analyzes the influencing factors affecting the carbon emissions of the construction industry, predicts the carbon emissions of the construction industry in Anhui Province, and puts forward the following suggestions about the construction industry in view of the prediction results and China’s carbon peak carbon neutrality target (Figure 6).
[image: Figure 6]FIGURE 6 | Deficiency demands and path of construction industry to achieve carbon peak.
Firstly, the green and low-carbon requirements are integrated into urban and rural planning and management. In urban and rural planning, the selection of building addresses, environmental planning and design, settlement traffic planning, and regional energy planning will have a significant impact on carbon emissions in the later use phase, so the building energy consumption in the whole life cycle must be considered in the building planning and design phase. The relevant departments should according to the urban development and population size to plan the residential areas, reduce unnecessary human and material resources consumption. Government should control the construction of high energy consumption public buildings, promote the development of urban clusters, and build urban ecological ventilation pipes Reduce urban heat island effect, thus reducing building energy consumption.
Secondly, reduce the energy consumption of building material production. Currently, China’s carbon emissions from construction materials account for 9–12% of the whole-life carbon emissions of buildings (Liu et al., 2009). In the global reduction trend, the work of CO2 removal of construction materials will also become an essential part of China’s overall CO2 reduction plan. In the whole life cycle construction of buildings, indirect carbon emissions account for a large proportion of total carbon emissions, the consumption of building materials is increasing, the CO2 generated during the production and use of building materials continues to grow, which means that must innovate the production process of building materials and develop low-carbon building materials. In the production process of building materials, clean energy and renewable energy are used instead of traditional coal, oil and other energy sources to reduce energy consumption in building materials. At present, the building materials industry has begun to transform and develop towards more environmentally new energy such as photovoltaic and wind power. It has driven the development of solar energy, glass and other industrial chains and become a supporting industry for the new energy industry.
Thirdly, implement green construction during building construction. Development and promotion of prefabricated buildings. Prefabricated building is the development trend of construction industry in recent years. Parts of prefabricated buildings are produced in different places and then transported to the site for assembly. Using prefabricated buildings can reduce the workforce on the construction site, shorten the construction period and reduce the material loss. It is the representative of modern industrial green production mode (Chang et al., 2018). Promote and establish zero-carbon public buildings. Zero-carbon buildings can not consume coal, oil and other resources. The energy consumption of the whole year is provided by the renewable energy generated by the site. The zero-carbon pavilion at the Shanghai World Expo is the first zero-carbon building in China built with localized products, which fits the theme of the Shanghai World Expo: “Better City, Better Life".
Finally, adjust the energy consumption structure. Apply green energy to the whole life cycle of buildings, such as solar energy, wind energy and Hydraulic energy. The design of solar power generation and collection device shall be included in the design of the main structure of the building, and shall be installed, constructed and put into use simultaneously with the building. At present, China’s coal still accounts for more than half of energy consumption, from the experience of developed countries, control the total amount of energy consumption, optimize the consumption structure is the most important way to achieve carbon emission reduction. For the construction industry, it should strictly control the energy consumption structure in the production and processing of building materials as well as building construction and construction, use green energy instead of fossil energy, and implement the use of green energy into the whole life cycle of the building, accelerate technological innovation, develop green technology with green consciousness as the guide, reduce the amount of energy input and the output of polluting waste in the production process, improve energy utilization efficiency, and Reduce the intensity of energy consumption.
8 CONCLUSION
This paper uses gray correlation analysis to screen the key factors affecting carbon emissions in the construction industry, and seven factors are selected based on the analysis results: GDP per capita in the construction industry, labor productivity, energy consumption in the construction industry, construction area, total construction output, number of employees in the construction industry, urbanization rate and industrial structure to forecast the future carbon emissions in the construction industry of Anhui Province. A gray GM (1.1) model was used to predict the carbon emissions from construction industry in Anhui Province from 2021 to 2040, and the model accuracy was good and the prediction results were reliable. The data showed that the future carbon emissions from the construction industry in Anhui Province will show an increasing trend. Then, the BP neural network model was used to further predict the carbon emissions from the construction industry in Anhui Province, and the model fit was good. The conclusion shows that the carbon emissions from construction industry in Anhui province show an “inverted U″ trend, increasing year by year until 2031, reaching the peak in 2031, and decreasing year by year after 2031. Meanwhile, this paper makes suggestions for the future development of the construction industry in Anhui Province based on the prediction results and China’s carbon peak neutralization target.
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