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Abstract

:

The rapid growth of energy consumption in commercial building operations has hindered the pace of carbon emission reduction in the building sector in China. This study used historical data to model the carbon emissions of commercial building operations, the LASSO regression was applied to estimate the model results, and the whale optimization algorithm was used to optimize the nonlinear parameter. The key findings show the following: (1) The major driving forces of carbon emissions from commercial buildings in China were found to be the population size and energy intensity of carbon emissions, and their elastic coefficients were 0.6346 and 0.2487, respectively. (2) The peak emissions of the commercial building sector were 1264.81 MtCO2, and the peak year was estimated to be 2030. Overall, this study analyzed the historical emission reduction levels and prospective peaks of carbon emissions from China’s commercial buildings from a new perspective. The research results are helpful for governments and decision makers to formulate effective emission reduction policies and can also provide references for the low-carbon development of other countries and regions.
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1. Introduction


The building sector is one of the top three main drivers of global energy consumption and carbon emissions [1]. According to the report from the 2019 United Nations Climate Conference, carbon emissions caused by the global building sector account for 40% of total emissions [2]. Carbon emissions from commercial buildings have been highly valued worldwide. For the present situation in China, the growing tertiary industry economy and the rising energy demand for commercial buildings have brought severe challenges to China’s low-carbon development [3].



On the other hand, many studies have suggested that targeting carbon emissions from commercial buildings is critical to mitigate the future global climate crisis [4,5,6]. To further advance the process of China’s emission reduction and energy conservation, especially the carbon emissions released by the commercial building sector, efficiently and reasonably assessing historical emission reduction levels and predicting the roadmap for peaking carbon emissions in the future is exceedingly important and should not be delayed. To achieve these tasks, two questions should be considered:



(a) What are the major driving forces of carbon emissions from China’s commercial buildings?



(b) What does the low-carbon development of carbon emissions from commercial buildings in China look like?



In order to answer the above questions and thus tap into the emission reduction potential of China’s commercial building sector, this research first used the LASSO regression model to estimate the coefficients of the carbon emissions model, and then the tunable parameter of the LASSO regression was determined via the popular whale optimization algorithm. The major driving forces of carbon emissions from commercial buildings in China were then determined. Furthermore, combined with the proposed carbon emissions model and scenario analysis, the carbon emissions of commercial buildings in China until 2060 were predicted.



The most outstanding contribution of this work is its use of a new LASSO model approach to estimate the results of the carbon emissions model, thereby identifying the major driving forces of commercial building carbon emissions and analyzing the emission pathway to 2060. To the best of the authors’ knowledge, former research work has not truly reflected the major forces of carbon emissions, and the contribution degrees of different driving forces have not been fully considered when analyzing the peak situation of carbon emissions. As a result, the proposed peaking plan and emission reduction measures may not be sufficiently accurate and feasible, a point which will be further discussed in the following section.



The rest of this study consists of the following four parts: Relevant research on carbon emissions from commercial buildings is reviewed in Section 2. The materials and methods applied in this study are presented in Section 3, which includes the carbon emissions model for commercial buildings in China, the LASSO regression model with the whale optimization algorithm, and the dataset used in this research. In Section 4, three results and the discussion are given: Section 4.1 presents the multicollinearity test results of potential influencing factors, Section 4.2 shows the identification results of the major driving forces of carbon emissions from commercial buildings in China, and Section 4.3 presents the emission roadmap for commercial buildings in China to 2060. Finally, the core findings and upcoming studies are summarized in Section 5.




2. Literature Review


Reliable data sources are an important prerequisite for ensuring the accuracy of results. In this research work, the historical carbon emission data on China’s commercial buildings were derived from the China Building Energy and Emission Database (CBEED) [7,8]. CBEED, a multipurpose database developed by the China Building Energy Conservation Association in 2018, covers energy consumption, emissions, and other related data on China’s construction industry. The database has been recognized in the industry and has provided important support for energy conservation and emission reduction in China’s construction sector. Figure 1 demonstrates the trends of commercial buildings’ carbon emissions in China collected by CBEED from 2000 to 2018. These historical data were utilized to quantify the major driving forces and to obtain the future carbon emission predictions.



In recent years, government officials and research institutions have paid great attention to the importance of identifying the influencing factors of carbon dioxide emissions for carbon emission reduction [9,10,11]. As a result, a number of techniques have been explored to help identify the driving factors of carbon emissions [12,13,14]. The STIRPAT model is a tool used to analyze the influencing factors of carbon emissions and has been widely used in many key emission reduction areas, including the transportation sector [15,16], industrial sector [17,18], and building sector [19,20,21]. However, existing research shows that there are often correlations between potential influencing factors, which reduce the accuracy of model analysis results. Therefore, in exchange for more reasonable results, some methods have been proposed to sacrifice the accuracy of the model, including ridge regression [22,23,24], partial least squares (PLS) [25,26], system-GMM estimator [27,28], and seemingly unrelated regressions (SUR) [29]. On the other hand, scenario analysis, which is used to investigate the change trends of an object in the future under the influence of factors such as social and economic development, technological progress, and policy implementation, is very popular in the analysis of the peak carbon emissions from the construction sector in China [30,31]. Recently, Ma and his collaborators [32] developed a scenario analysis method with uncertain effects, which provides a new way of thinking about emission reduction policies. Given the mentioned analysis, the following two issues need to be addressed:



Regarding the major driving forces of carbon emissions from commercial buildings in China, although these existing efforts have achieved some success, the redundant potential influencing factors cannot be identified and eliminated, which means that high control costs are involved, and policies are difficult to implement due to the interaction of influencing factors.



Regarding the analysis of the carbon emission pathway of commercial buildings, the existing scenario analysis mainly sets scenario assumptions for different impacts based on the KAYA identity, ignoring differences in the importance of different influencing factors. Therefore, this research aims to analyze the future carbon emissions from commercial buildings in China based on carbon emissions models with different influencing factors.



In order to make up for the above-mentioned gaps, the contributions of this study are:



(a) A new tool to assess the historical carbon emissions from China’s commercial buildings is proposed. The LASSO model was first used to estimate the model’s regression coefficients, and the whale optimization algorithm was employed to optimize the nonlinear parameters of the LASSO regression model. LASSO’s feature selection ability is one of its unique advantages. Fewer and more critical factors are identified, further reducing the cost of implementing emission reduction policies.



(b) The pathway of carbon emissions from commercial buildings in China is simulated. Based on the carbon emissions model estimated by the LASSO regression model, this study performed a scenario analysis of Chinese commercial buildings to obtain a carbon emission roadmap for 2060. The analysis results provide guidance for formulating peak plans and reshaping the low-carbon model of China’s commercial buildings.




3. Materials and Methods


3.1. Carbon Emissions Model of Commercial Buildings in China


3.1.1. STIRPAT Model


The stochastic impacts by regression on population, affluence, and technology (STIRPAT) model, initially formulated by Dietz and Rosa in 1971 [33] to meet the needs of statistical testing, was based on the IPAT model, which is an important tool often used to reveal the impacts of human behavior on the environment. After 50 years of development, the IPAT model has been widely recognized and applied in many disciplines such as energy economics [34,35,36], environmental economics [37,38], and climate change economics [39] by virtue of its unique advantages. In addition, a growing number of studies have shown that the IPAT model plays an important role in the study of factors affecting carbon emissions.



In general, the classic IPAT model [40] can be written as:


  I = a  P b   A c   T d  e ,  



(1)




where  a  represents the constant term,   b , c  , and  d  represent the parameters to be estimated, and  e  represents the stochastic error term.  I  represents the environmental pressure caused by the influencing factors and  P ,  A , and  T  represent the total population, affluence, and technical level, respectively. In empirical analysis, Equation (1) is often transformed into a linear logarithmic form, that is, into the STIRPAT model:


  ln ( I ) = ln a + b ln ( P ) + c ln ( A ) + d ln ( T ) + ln e .  



(2)







The coefficients of the STIRPAT model can be considered as representing the impact of driving forces on environmental pressure. Generally, coefficients greater than zero indicate that the driving forces can enhance carbon dioxide emissions from commercial buildings in China, while coefficients less than zero indicate that the driving forces can curb carbon emissions from China’s commercial buildings. In particular, absolute values of the coefficients equal to 1 indicate that the driving forces and carbon dioxide emissions have the same rates of change, and the coefficients equal to zero indicate that the driving forces have no influence on environmental pressure.




3.1.2. Carbon Emissions Model of Commercial Buildings in China


The environmental pressure of the STIRPAT model can be characterized by different indicators, and additional influencing factors can also be considered as part of the technical impact in order to build the model. In our research work, environmental pressure    ( I )    was represented by the carbon emissions    ( C )    released by the commercial buildings in China. Further, the potential influencing factors are summarized in Figure 2, which includes: population size    ( P )   , GDP per capita    ( g )   , industrial structure    ( s )   , industrial efficiency    (  E A  )   , energy intensity    ( e )   , and emission factor    ( K )   . In addition, they are defined as follows:


   {    g =  G P      s =   G s  G      E A =  F  G s       e =  E F      K =  C E      .  



(3)







Therefore, the carbon emissions model for commercial buildings in China can be expressed as follows:


  ln C =  α p  ln P +  α g  ln g +  α s  ln s +  α  E A   ln E A +  α e  ln e +  α K  ln K .  



(4)









3.2. LASSO Regression Model with Whale Optimization Algorithm (WOA)


In the last subsection, we proposed a carbon emissions model for commercial buildings in China according to the classic STIRPAT model. The parameter estimation method of the carbon emissions model will be further introduced in this subsection.



3.2.1. LASSO Regression Model


The proposed carbon emissions model (Equation (4)) can be regarded as a classic multiple linear regression model, and it can be expressed in a vectorized form as follows:


  Y = X β ,  



(5)




where  X  and  Y  represent the independent variable and dependent variable, respectively, and  β  represents the model parameter to be estimated, which reveals the influence of driving forces on the carbon emissions of commercial buildings in China. To our best knowledge, the parameters of the multiple linear regression model can be estimated via the classical least-square regression rule, and the parameter estimation expressions are as follows:


   β ^  =    (   X T  X  )    − 1    X T  Y .  



(6)







Additionally, we should note that when there is multicollinearity between the driving forces, the calculation of the inverse matrix of the matrix    X T  X   will produce serious errors. As a result, the stability of the estimated value is reduced, and an incorrect estimation result may even be obtained. Pearson correlation coefficient    r  x y     is one of the important criteria for assessing multicollinearity [41], which is defined by the standard deviation and covariance and for which the expression can be written as:


   r  x y   =   cov ( x , y )     var ( x )   ·   var ( y )      



(7)




where   cov ( x , y )   represents the sample covariance of  x  and  y , and   var  ( · )    represents sample variance. Mathematically, the Pearson correlation coefficient    r  x y     takes values between −1 and 1 [42,43]. The larger the absolute value of    r  x y    , the stronger it reveals the correlation between the variables. Conversely, the correlation is weaker. To address this issue, ridge regression has been widely utilized, showing satisfactory results in a large number of studies. The ridge regression model can be given as follows:


   β ^  = min  {  ‖ Y − X β  ‖ 2 2  + α ‖ β  ‖ 2 2   }  ,  



(8)




where   ‖ ·  ‖ 2 2    is the L-2 regularization term, and  α  is the nonlinear parameter that constrains the regularization term. The LASSO regression model [44,45] was first proposed by statistician Robert Tibshirani in 1996 and is written as follows:


   β ^  = min  {  ‖ Y − X β  ‖ 2 2  + α ‖ β  ‖ 1   }  ,  



(9)







Unlike the ridge regression model, LASSO regression uses L-1 regularization. Obviously, LASSO can more easily constrain the parameters of the model to 0. Therefore, LASSO regression is good at performing feature selection, that is, at removing irrelevant or redundant features.




3.2.2. Formulating the Nonlinear Optimization Problem for  α 


Once the nonlinear parameter in the model is determined, the linear parameters of the model can be directly estimated. Therefore, the value of the nonlinear parameter  α  of the LASSO regression model directly determines the parameter estimation results of the carbon emissions model for China’s commercial buildings. In this study, the nonlinear parameters of the LASSO regression model were determined by cross-validation. Specifically, the historical carbon emission data were first divided into a training set and a test set. The training set was applied to establish the emission model, and the test set was used to establish a nonlinear constrained optimization problem in order to determine the optimal nonlinear parameters.



For convenience, the mean absolute percent error (MAPE) [46] was employed as the metric for evaluating the performance of the models in this paper, and it can be defined as follows:


  MAPE =     ∑  j = 1  s    |     y j  −   y ^  j     y j     |    × 100 %  s   



(10)







After reorganizing the above knowledge, we can formulate the nonlinear optimization problem for  α  as follows:


      min  α  M A P E  ( α )  =     ∑  j = 1  s    |      ln C  ^   ( j )  − ln C  ( j )    ln C  ( j )     |    × 100 %  s      s t .  {     β ^  = min  {  ‖ Y − X β  ‖ 2 2  + α ‖ β  ‖ 1   }        (     α p   ^  ,    α g   ^  ,    α s   ^  ,    α  E A    ^  ,    α e   ^  ,    α K   ^   )  T  =  β ^        ln C  ^  =    α p   ^  ln P +    α g   ^  ln g +    α s   ^  ln s +    α  E A    ^  ln E A +    α e   ^  ln e +    α K   ^  ln K        



(11)








3.2.3. Whale Optimization Algorithm


Traditional mathematical methods are often faced with the dilemma of a complex and time-consuming solution when dealing with Equation (11). The swarm intelligence optimization algorithm is an alternative scheme that has been widely utilized in many fields, such as in energy [47,48,49,50] and environmental studies [51,52,53,54] and economics [55,56,57], and it has shown outstanding performance due to its advantages of simple operation and fast calculation.



The whale optimization algorithm (WOA) is a popular swarm intelligence optimization algorithm first put forward by Mirjalili et al. in 2016 [58]. The mathematical model of the WOA is established based on three different predation strategies of simulated humpback whales, including the shrinking encircling mechanism, spiral search, and random exploration strategy. For convenience,    P →  ( k )   is used to represent the humpback whale’s current position. Assuming that the prey’s position is the current optimal solution and is represented by     P →  *  ( k )  , the humpback whale’s shrinking encirclement strategy can be defined as:


   D →  =  |   P →  ( k ) − 2  ζ →  ·   P →  *  ( k )  |   



(12)






   A →  =  (  2  ζ →  − 1  )    2 K − 2 k  K   



(13)






   P →  ( k + 1 ) =  P →    ( k )  *  −  A →  ·  D →   



(14)




where    ζ →    is a random vector in (0, 1), and  K  represents the maximum number of iterations. In addition, humpbacks also spiral in the following way:


   P →  ( k + 1 ) =  e  β ξ   · cos ( 2 π ξ ) ·  |   P →  ( k ) −  P →    ( k )  *   |  +   P →  *  ( k )  



(15)




where  ξ  is a random number in (–1, 1), and  β  represents a constant that determines the shape of the spiral. Generally, humpback whales search for prey through random exploration when   |  A →  | > 1  , and their position update strategy can be mathematically expressed as:


   P →  ( k + 1 ) =   P →  r  ( k ) −  A →  ·  |  2  r →  ·   P →  r  ( k ) −  P →  ( k )  |   



(16)




where     P →  r  ( k )   is the position of a random individual in the herd.





3.3. Dataset


In order to identify the driving forces affecting the carbon dioxide emissions from China’s commercial buildings, the driving forces were calculated according to the time-series cross-section data of China from 2000 to 2018, and the calculation method is introduced in Section 3.1.2. The data on population size ( P ) and gross domestic product ( G ) were accessed from the Statistical Yearbook of China, which is directly cited in this paper. Data on the carbon emissions ( C ), gross floor space ( F ), and energy consumption ( E ) of the commercial building sector were collected from the CBEED database.





4. Results and Discussion


In this work, the carbon emissions from commercial buildings in China from 2000 to 2018 were employed to construct the proposed carbon emissions model. Firstly, the multicollinearity test was performed, and the results are presented in Section 4.1. Subsequently, the major driving forces of historical carbon emissions and the future low-carbon emissions pathway for China’s commercial buildings are presented.



4.1. Multicollinearity Test of Driving Forces


Figure 3 depicts the changing behavior of the potential driving forces of carbon emissions from commercial buildings in China from 2000 to 2018. The potential influencing factors, after taking the logarithm as the dependent variable, were input into the carbon emissions model. Then, the multicollinearity test of the independent variables was performed according to Equation (7); the results are also shown in Figure 3. Most of the P values were lower than 0.001, which reveals that these potential driving forces had a significant correlation. Further, the absolute values of most Pearson correlation coefficients were greater than 0.8. The test results indicate that there was serious multicollinearity among the potential influencing factors, and that the traditional least squares regression parameter estimation method is no longer applicable.




4.2. Major Driving Forces of Historical Carbon Emissions


The commercial buildings’ historical carbon emission data and their potential influencing factors were divided into a training set and a test set. The historical data from 2000 to 2015 were utilized as the training set in order to construct the carbon emissions model of commercial buildings in China, and the historical data from 2016 to 2018 were utilized as the test set to optimize the nonlinear parameter  α  of the LASSO model. Then, the coefficients of the carbon emissions model were estimated via a LASSO regression model optimized by the whale optimization algorithm. In this paper, the maximum number of iterations was set to 100, and the search agents for the whale optimization algorithm were set to 50. The upper and lower bounds of the nonlinear parameters to be optimized were set to 0 and 100, respectively.



Figure 4a shows the convergence curve of the WOA optimization algorithm, which was used to optimize the LASSO regression model, with the curve showing how the training error, test error, and nonlinear parameters changed as the iterations of the algorithm progressed. After about 50 iterations, it can be observed that the optimal nonlinear parameter was 0.1385, and that the training set and the test set eventually converged to 0.6677 and 0.0115, respectively.



In addition, the WOA algorithm fell into the local optimum during the early period of the algorithm iteration. Further, the nonlinear parameter was 0 at this moment, which means that the LASSO regression model degenerated back to the ordinary least square multiplicative regression. As mentioned above, the interference of multicollinearity will result in the failure of the classical multiple regression model to accurately estimate the coefficients of the model, which can also be verified by the convergence curve. However, as the nonlinear parameter alpha gradually converged to the optimal value, the model coefficient estimated by the LASSO regression model became more stable, and the training error did not change.



Then, by substituting the optimal nonlinear parameter   α = 0.1385   into Equation (9), the carbon emissions model of the commercial buildings was obtained as follows:


    ln C  ^  = 0.6346 ln P + 0.2487 ln e  



(17)







Moreover, the forecast result     ln C  ^    based on Equation (17) and the actual historical emission data   ln C   were compared to examine the validity and reliability of the model, with the results illustrated in Figure 4b. It can be noticed that the regression line of the carbon emissions model proposed in this paper was quite close to the ideal regression line, and the overall fitting was very good, which shows that the parameter estimation results of the carbon emissions model based on the LASSO model with the whale optimization algorithm were acceptable. Therefore, the main driving forces of carbon emissions from commercial buildings in China can be interpreted as the population size ( P ) and energy intensity ( e ).



According to the results of the commercial carbon emissions model estimated in this study, in the past two decades, the increase in carbon dioxide emissions from commercial buildings was mainly due to changes in population size ( P ) and energy intensity ( e ). The size of the population was found to have a significant promoting effect on carbon dioxide emissions. Its elasticity coefficient was 0.6346, which means that for every 1% increase in the population of China, carbon dioxide emissions will increase by 0.6346%. This is because this increase in the size of the population will directly lead to the reduction of space for human activities in commercial buildings, thereby increasing environmental pressure. On the other hand, as the basic prerequisite for economic development, energy consumption is also the main force in the production of carbon dioxide emissions. The results suggested that for every 1% increase in energy consumption intensity, carbon dioxide emissions will increase by 0.2487%. Therefore, in order to reduce the carbon emissions of commercial buildings in China, the population size and energy intensity in China’s commercial buildings must be focused on.




4.3. Low-Carbon Pathway to Future Carbon Emission


Furthermore, the proposed carbon emissions model was also utilized to predict the carbon emission pathway of commercial buildings in China. Similarly, historical data from 2000 to 2015 were utilized as the training set, and the remaining data from 2016 to 2018 were utilized as the test set. The carbon emissions model was also solved by the LASSO regression model with the whale optimization algorithm. The scenario settings in the literature [32] were adopted and input into the carbon emissions model in order to predict the trajectory of carbon emissions from 2019 to 2060.



Figure 5 presents the historical carbon emission data from China’s commercial buildings and their future emissions path. The forecast results indicate that carbon emissions will reach their peak in 2030 and that the peak value will be 1264.81 MtCO2, which reveals that China’s commercial buildings are expected to achieve their carbon peak on time. For the next three decades after the peak, the carbon emissions of commercial buildings in China will no longer increase, declining at an average rate of 34.52 MtCO2 per year. The carbon emissions from commercial buildings in China will drop to 229.31 MtCO2 by 2060, which is still a significant number; therefore, greater determination and effort need to be devoted to help achieve carbon neutrality.





5. Conclusions


This study used the classical STIRPAT model to construct a carbon emissions model for commercial buildings in China, with the LASSO regression model first being applied to estimate the regression coefficients. Then, the whale optimization algorithm was employed to determine the optimal nonlinear parameter of the LASSO regression. Finally, the carbon emissions model was utilized to make historical assessments of carbon emissions from 2000 to 2018 and to further predict the carbon emissions pathway of China’s commercial buildings from 2019 to 2060. In this paper, the properties of LASSO regression are applied to filter out fewer major driver forces and thus reduce decision costs. However, this also means that it becomes more important to build a reasonable carbon emission model; therefore, a more comprehensive consideration of potential influencing factors is needed. Overall, the core findings and upcoming studies can be summarized as follows:



(1) Historical trends show that the major driving forces for carbon emissions of commercial buildings in China were found to be population size and energy intensity, and their elastic coefficients were 0.6346 and 0.2487, respectively. It can be observed that population size plays a crucial role in contributing to carbon emissions from China’s commercial buildings, which are closely related to the accelerated urbanization of China in recent years. The results reveal the importance of controlling the size of the population and raising public awareness of low carbon in the process of urbanization. At present, the frequency of low-carbon participation by the Chinese public is relatively low, and it is worth trying to learn from the advanced international experience. Further, energy consumption intensity is also a critical factor that leads to increases in carbon emissions and adjusting the industrial structure and optimizing the energy structure is the leading solution [59]. Specifically, Chinese commercial buildings should reduce the use of coal and oil, while making full use of open energy.



(2) Carbon emissions in China’s commercial buildings will peak in 2030, with a peak value of 1264.81 MtCO2 estimated to be obtained. Based on historical carbon emissions data and given scenario settings, the proposed carbon emissions model was established and used to further predict the pathway of carbon emissions in China’s commercial building from 2019 to 2060. The results show that China’s commercial buildings’ carbon emissions will peak in 2030. The peak value was estimated to be 1264.81 MtCO2, which is 1.55 times that of 2018. After reaching this peak, the carbon emissions of the commercial buildings will decline at a rate of 34.52 MtCO2 per year, before dropping to 229.31 MtCO2 by 2060. It can be seen that, under the low carbon scenario analysis setting, although China’s commercial buildings can achieve the goal of peaking carbon emissions from China’s commercial buildings in 2030, there is still a certain gap from China’s carbon neutral goal of 2060. In addition, the earlier the peak time is reached, the lower the peak emissions will be, which is more conducive to the goal of long-term carbon neutrality. Therefore, China’s commercial buildings still need to further increase their efforts to take action to reduce emissions in order to reduce the burden of emission reductions faced after 2030 [60].



In order to better promote a reduction in the carbon emissions of China’s commercial buildings to, in turn, achieve carbon neutrality, a few gaps in this study should be covered in future studies:



(1) Historical carbon emissions assessment of commercial buildings from a provincial perspective. This article focuses on historical carbon emissions from China’s commercial buildings, and two major driving forces are identified by the LASSO regression model optimized with the whale optimization algorithm, with the striking differences in the climate environment, population size, and economic models of different provinces in China taken into account. Therefore, future studies should establish emission models for different provinces in order to evaluate the major driving forces of local historical carbon emissions.



(2) Low-carbon pathway for China’s commercial buildings with uncertain impacts. Furthermore, the emission trajectory of commercial buildings in this paper was obtained based on static scenario analysis, ignoring the influence of the uncertainty brought by parameter changes in scenario settings, thus limiting the accuracy and reliability of policy implementation. For this reason, upcoming studies should focus on combining the carbon emissions model with dynamic scenario analysis.
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Abbreviations








	CBEED
	China Building Energy and Emission Database



	GDP
	Gross domestic product



	LASSO
	Least absolute shrinkage and selection operator



	MtCO2
	Mega-tons of carbon dioxide



	MAPE
	Mean absolute percent error



	STIRPAT
	Stochastic impacts by regression on population, affluence, and technology model



	WOA
	Whale optimization algorithm



	Symbols
	



	  C  
	CO2 emission from commercial buildings



	  P  
	Population size



	  G  
	Gross domestic product (GDP)



	   G s   
	Service industry value added



	  E  
	Energy consumption from commercial buildings



	  F  
	Floor space of commercial buildings
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Figure 1. Carbon emissions from China’s commercial buildings from 2000 to 2018. 
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Figure 2. Potential driving forces of carbon emissions from China’s commercial buildings. 
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Figure 3. Multicollinearity test results of potential driving forces of carbon emissions from commercial buildings. 
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Figure 4. (a) Convergence curve by the WOA for the LASSO regression model and (b) the comparison of actual carbon emission data and the calculated results of the proposed model. 






Figure 4. (a) Convergence curve by the WOA for the LASSO regression model and (b) the comparison of actual carbon emission data and the calculated results of the proposed model.



[image: Buildings 12 00054 g004]







[image: Buildings 12 00054 g005 550] 





Figure 5. Historical carbon emissions of and future peak roadmap for commercial buildings in China. 
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