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Abstract

:

Korea inaugurated an emission trading scheme (ETS) in 2015 for its ambitious target to reduce 37% greenhouse gas per 2030 business-as-usual level. This study examines the sustainable governance of the Korean petrochemical industry, one of the world’s major emitters of greenhouse gas, with 55 firms participating in ETS. On the basis of the non-radial, non-parametric directional distance function, this study derives three types of efficiencies: greenhouse gas technical efficiency (GTE), pure technical efficiency, and scale efficiency. Using these indices, this study also provides information for benchmarking for the fast followers. The findings of this study reveal the following. First, petrochemical industry exhibits 63.5% ETS performance, on average, showing huge potential improvement. Second, by decomposing GTE value, this study provides information from the perspective of scale to find out the oversupply issues in some petrochemical firms. Lastly, benchmark information for each firm is provided to enhance its efficiency.
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1. Introduction


In 1995, the historic conference of the United Nations Framework Convention on Climate Change (hereafter, UNFCCC) inaugurated its first Conference of Parties (COP) meeting to find the best sustainable development methods worldwide. In 2015 in Paris, an agreement was reached at COP’s 21st session to ensure that the global average increase in temperature above the pre-industrial levels will not exceed 2 °C. Moreover, the agreement also stipulated to continue efforts to limit the temperature increase to 1.5 °C above the pre-industrial level. These agreements recognized that the accumulated efforts to control the temperature control will significantly reduce the risks and effects of climate change. To achieve the goal of UNFCCC, all 195 member countries must make clear and measurable efforts for sustainable development worldwide [1].



South Korea (hereafter Korea) is one of the largest emitter countries, and thus, overcoming this international challenge is inevitable. Therefore, in 2009, the Korean government had set its own goals to reduce greenhouse gas (hereafter GHG) emissions by 30% from the business as usual (BAU) level by 2020. However, this plan was revised since the 21st session of the COP meeting held in Paris in 2015 (Paris agreement). As shown in Figure 1., in this treaty, Korea suggested a more long-term, yet a little loosened, responsibility to reduce 37% of GHG emissions from the BAU level until 2030.



To achieve this ambitious goal, Korean government has released an Emissions Trade Master scheme (2015–2025) in 2014. (The first phase of ETS started in 2015 and lasted until 2017. The second phase occupies a three-year-span from 2018 to 2020, and the final third phase is from 2021 to 2025. (Wikipedia, https://en.wikipedia.org/wiki/Emissions_Trading_Scheme_in_South_Korea)) However, despite this ambitious governmental effort, the carbon emission trading scheme (ETS) has been controversial. Most of the member firms under ETS argue that the government did not allocate sufficient permits and that the accuracy of interpretation of the uneven distribution is lacking. More than 40 cases have been filed against the government regarding the issue of permit allocation. Since ETS is an ongoing regime even in the future, firms need to find a synchronized way to maintain competency and environmental efficiency under the ETS regulation regime. Hence, utilizing data envelopment analysis (DEA), we aim to explore whether or not ETS influences sustainable performance of the Korean petrochemical industry.



We select the petrochemical industry in this study for the following reasons. First, petrochemical industry is not only one of the largest emitter industries in Korea but also has a considerable share of total GDP. As shown in Figure 2, the domestic production and export volume of petrochemical industry is much larger than its import, which implies its significant contribution to the national GDP. Second, out of the 525 firms, 85 firms participating in ETS are from the petrochemical industry, which has the largest share in ETS. Therefore, exploring the industry, with selective concentration of our research, will be the most insightful from the perspective of ETS feasibility.



Therefore, under this environmental regulation regime, firms should manage their operation from the perspective of environmental efficiency and find an optimal path to increase this efficiency, which is the main motivation of this study.



This study’s unique contribution can be found in its data, methodology, and implications. First, in order to overcome the limitation of traditional DEA, we used directional distance function (DDF) with the more field-oriented firm-level data. Each datum is based on the precise and reliable source of a specific firm; hence, the quality of the study is enhanced in its practical implications. Second, this study explores not only each firm’s performance but also trend by time as it covers seven consecutive years. Lastly, the petrochemical industry shows the largest share of ETS with 85 firms, representing 16% of the entire ETS members. Therefore, evaluating ETS performance in this sector would yield more reliable result.



The remainder of this paper is organized as follows. Section 2 discusses the literature background of sustainable development policies. Section 3 presents the methodology, and Section 4 shows the characteristics of data and empirical results. Section 5 concludes the paper with some political implications.




2. Literature Background of Sustainable Development Policies


Although numerous methodologies and models are available for environment-friendly sustainability, the distance function approach has obtained much popularity because it provides a more flexible analysis of the joint-production technology with good product and environmental bad outputs simultaneously [2]. Another advantage is that unlike the predetermined cost function, distance function does not require cost-specific data, which are comparatively difficult to obtain. Given only the quantitative data of multi-inputs and outputs, which are easier to acquire, several critical environmental production characteristics can be formally discussed, such as environmental technical efficiency, environmental productivity growth, the shadow prices of pollutants, and inter-factor substitution possibilities [3].



For environmental research, two types of distance functions are widely used in the literature. They are Shephard distance function [4] and DDF [5] respectively. In the Shephard distance function, although the multi-input/output analysis provides a basic logical frame for treatment, it is limited because of its proportional characteristics, which yield inappropriate output ratios, implying reduction of unnecessary output without any loss of optimized output [4]. As a result, most directional function experiments use DDF with more appropriate directional weights toward more good outputs and less bad outputs [5]. By using distance function models, more than 100 studies have resolved energy efficiency and the shadow prices of manufactured emissions [3].



In general, most early studies on the DDF were based on a radial model that estimates efficiency proportionately for all outputs [5]. However, this radial approach has limitation from two aspects. First, when the slack exists, the efficiency of the radial system can be highly biased [6]. Second, the radial model is based on the comparatively weak discrimination power in assessing the rank of firms [7]. Third, a radial efficiency measurement cannot measure energy-efficiency, such as single-factor efficiency, because DDF can only provide a similar rate of inefficiency [8]. These limitations have caused most recent studies to adopt non-radial DDF, which considers the non-radial slack instead of the conventional DDF [6,9,10,11].



Indeed, a numerous studies in the environment and energy (E&E) field widely adopt non-radial DDF, especially, those that utilize large emitter sectors as sample, such as power plants [12,13,14,15,16,17], steel and iron sectors [18,19,20,21], and other sectors, namely, chemical, cement, and ceramics industries [22,23,24,25,26,27]. Non-radial DDF approach is necessary because these sectors emit a considerable amount of undesirable output (GHG, including CO₂), which could be an obstacle to evaluate accurate performance. Petrochemical industry is one of the biggest emitters in Korea; hence, it is appropriate to adopt the non-radial DDF.




3. Methodology


Greenhouse Gas Technical Efficiency and Decomposition


For the non-radial DDF, it is essential to define “environmental production technology.” In this study, we used three inputs (x): capital (k), labor (l), and energy consumption (e). These inputs produced a desirable output sales turnover (y) and undesirable output GHG (b) emissions. The production technology can be expressed as follows:


T={(x,y,b):x can produce (y,b)}



(1)




where T is often considered to be a general functional form of the production technology, given that “inertia is always possible,” and “limited quantity of input can only produce limited quantities of output.” Moreover, inputs and desired outputs are often supposed to be freely disposable. For the controlled environmental technology, T must be applied for disadvantages [28]. First, the weak disposable assumption indicates that mitigating GHG (undesirable output) on the production process is costly in terms of proportional reduction of the desirable products. Second, null-jointness is essential for the production of GHG emissions; hence, the only way to eliminate GHG is to stop the production process. Mathematically, these two assumptions can be derived as follows:




	(i)

	
If (K,L,E,T,C)∈T and 0≤θ≤1, then (K,L,E,θT,θC)∈T,




	(ii)

	
If (K,L,E,T,C)∈T and C=0, then T=0.









Following Zhou et al. [9], we can obtain T for the N regions as follows:


T1={(x,y,b):∑n=1Nznxmn≤xm,m=1,…,M,∑n=1Nznysn≥ys,s=1,…,S,∑n=1Nznbjn=bj,j=1,…,J,zn≥0,n=1,⋯,N},



(2)




where Zn is a strength variable that can be employed to develop environmental technology by using a convex combination. In this study, we used both the constant returns to scale (CRS) and various return to scale (VRS) for T to acquire diverse scale flexibility.



According to Zhou et al. [9], the formal non-radial DDF defined with unwanted output as follows:


D→(x,y,b;g)=sup{wTβ:((x,y,b)+g·diag(β))∈T},



(3)




where w=(wmx,wsy,wjb)T. The number of inputs and outputs explain a normalized weight vector, g=(−gx,gy,−gb) is an evident directional vector, and β=(βmx,βsy,βjb)T≥0 explain the vector of scaling factors. The measure of D→(x,y,b;g) can be calculated with model (4):


Dr→(x,y,b;g)=maxwmxβmx+wsyβsy+wjbβjbs.t.∑n=1Nznxmn≤xm−βmxgxm,m=1,…,M,∑n=1Nznysn≥ys+βsygys,s=1,…S,∑n=1Nznbjn=bj−βjbgbj,j=1,…J,zn≥0,n=1,2,⋯,N βmx,βsy,βjb≥0.



(4)







In this equation, the directional weight vector g can be set up in different ways depending on the constraints. If D→(x,y,b;g)=0, then the regions are located along the production technology frontier by g direction. In this paper, vector is set as g = (gK,gL,−gE,gT,−gC), and weight vector (1/3, 1/3, 1/3, 1/3, 1/3).



Greenhouse gas technical efficiency (GTE) is acquired through non-radial DDF with the following variables. We set the weight vector of S (desirable output), J (undesirable output), and M (three inputs of capital, labor, and energy). Moreover, we set directional vectors g=(−x,y,−b) following that of Zhou et al. [9]. Suppose that βx*,βy*, and βb* represent the best solution for Equation (4), then GTE can be obtained as


GTE=1−1M+S+J(∑m=1Mβxm*+∑s=1Sβys*+∑j=1Jβbj*).



(5)







GTE is derived under CRS, whereas pure technical efficiency (PTE) is derived under the VRS condition. The assumption Zn = 1 should be added to Equation (4) [29]. Once these two efficiencies are calculated, scale efficiency (SE) can be derived from the following equation:


GTE = PTE × SE.



(6)







Scale efficiency captures whether DMU uses scale effect well. The existence of unity indicates that the observation is in the highest productive scale size [30]. If SE is less than unity, it indicates that inefficiency exists, given the CRS technology. The scale inefficiency exhibited by DMU can be settled by either raising returns to scale (IRS) or reducing returns to scale (DRS) over time, to arrive at a higher efficiency. Based on this dynamic effect of production technology, the following DEA model can be introduced (7).



All DMUs can be evaluated at their initial stage of CRS using linear program. Suppose there exists j(j=1,2,…,n) DMUs and each DMU uses i(i=1,2,…,m) as its inputs to produce r (r=1,2,…,s) as its outputs. Then, the efficiency from the production scale could be defined in its linear form:


minθ S.T. : θxi−Xλ ≥0, θyi−Yλ ≤0,λ≥0



(7)







In Equation (7), x and y are the vectors of DMU’s inputs and outputs, respectively. Here, λ is the weight vector. The function’s value of θ is GTE. If θ = 1, then the DMU is efficient on the frontier; if θ < 1, then the DMU is inefficient, which uses more input (1 − θ), compared with the other DMUs. In addition, the return to scale (RTS) can be verified using the sum of calculated λ values using the upper equation. If Σλ = 1, then DMU is under the CRS condition, which indicates that both GTE and PTE are 1. Therefore, firms showing CRS status indicate that they have efficient input and output structure. By contrast, if the SE of firms is not equal to 1, then input and output structures need to be modified in order to achieve efficiency. In this case, when Σλ < 1, DMUs are in DRS; whereas when Σλ > 1, DMUs are in IRS.





4. Empirical Results


4.1. Data


In order to examine the environmental performance, we collected data from 55 Korean firms in the petrochemical industry from 2011 to 2017. Two output variables are selected: sales turnover (T) as the desirable output and GHG (G) as the undesirable output. For the input variables, we have selected two basic types of input, capital (K) and labor (L), and added energy (E) as the third input. We derived the data for labor, capital, and turnover from the Data Analysis, Retrieval, and Transfer System. Meanwhile, energy and GHG data have been collected from the GHG Inventory and Research Center in Korea. In general, in the fields of E&E research, pure CO₂ values were used with the macro type of data such as fuel cost rates, under the International Panel on Climate Change guidelines [13,31,32]. However, only the GHG information is available in Korea; hence, we focused on the firm-level data. Nonetheless, GHG data can be used as the proxy variable of CO₂ because carbon holds 80% of GHG emissions worldwide, which is similar in Korea according to the UNFCCC. Therefore, following Choi and Lee [1], we interpolate numerical values from GHG emissions data, which include methane (CH4), nitrogen (N2O), hydrofluorocarbons (HFCs), perfluorinated compounds (PFCs), and sulfur hexafluoride (SF6). The descriptive statistics for the data are shown in Table 1.



As shown in Table 1, the standard deviation of each variable was huge since this study covered almost all petrochemical firms in Korea. Nonetheless, 55 firms belonged to the same industry, which implies there is no problem in heterogeneity. Therefore, the sample can be analyzed using DEA. As a last step, we determine the correlation of variables in order to verify the feasibility of the empirical result.



Table 2 presents the result of the correlation of five variables. As expected, two basic inputs (capital and labor) are significantly related with turnover because they are representative variables to explain production. However, these two inputs show no significance to GHG emission. By contrast, energy consumption shows high significance to both turnover and carbon emission. Especially, energy and GHG show a significant relationship. The result of this correlation matrix verifies the feasibility of the variable mix in this study and the appropriateness of analyzing the data in the perspective of energy and environment.




4.2. Empirical Result


4.2.1. Greenhouse Gas Technical Efficiency (GTE)


The total GTE of petrochemical industry for seven consecutive years is calculated using Equations (4) and (5). The results are presented in Table 3, and Figure 3 shows annual GTE score’s average trend. During the sample period, the GTE scores of 55 firms ranged from 0.5 to 1, and the average GTE score of them was 0.635, approximately 63.5%. This value supports two implications. First, although the average score was not quite high, the lowest value was greater than 50%, indicating that Korean petrochemical firms show good performance. Second, the remaining 36.5% efficiency enhancement in the petrochemical industry can still be obtained if the production is conducted on the environment-friendly frontier.



From the dynamic perspective over time, average GTE score spreads from 0.601 to 0.657. As shown in Figure 2, the highest score is obtained in 2011, whereas the lowest values are obtained in 2015 and 2016. However, an increasing trend was observed from 2017. This change occurred in the second stage of ETS; hence, the “Porter Hypothesis” is partially supported, which means that environmental regulation increase efficiency and encourage innovation for a more environment-friendly production process [33]. However, this positive change was limited only in 2017, and its sustainability in the future is not guaranteed. Hence, we should approach this question from the perspective of policy feasibility.



In general, there are three factors for the feasibility of any economic or business project: profitability, growth capacity, and stability. In these aspects, ETS may not be feasible right after implementation because of profitability. Although the core of this market-oriented regulation regime is beneficial by emission trading, unfortunately, it failed to draw firms’ attention because of very low carbon price. According to the Korea Exchange, the average carbon price in January 2015 was less than US$10, which could not motivate firms to participate actively in ETS. In particular, even global firms such as Samsung were reluctant to join ETS and just paid the penalty. That is to say, ETS was perceived an added cost burden, not an opportunity for the firms. This negative situation seems to be reflected in the GTE for 2015 and 2016. Therefore, policy makers should find ways to motivate firms with profit-oriented policy. Once they succeed in motivating these firms, the number of participating firms will increase, and eventually, ETS stability can be achieved. This situation also reflects that firms are not proactively investing in green technology, resulting in the lack of growth capacity. Moreover, the Korean government randomly changed its environmental policy paradigm over time, resulting in the unpredictable, and thus, unstable conditions for the firms to decrease carbon emission actively. On the basis of these feasibility factors, we can conclude that the uptrend of efficiency may not be sustainable unless the Korean government proactively provides more transparent and optimal pathways toward the ambitious emission mitigation target by 2030.




4.2.2. Decomposition of GTE and Result of Return to Scale


Following Equation (6), we decomposed GTE into PTE and SE. As mentioned above, PTE is the efficiency value obtained under the VRS condition, and SE is the ratio between two efficiencies score (PTE/GTE). The results obtained for both PTE and SE for the seven-year period are presented in Table 4. PTE scores are higher than the GTE scores, implying that the economies of scale coming from investment on the facilities may override the catching-up effect reflected in the low SE ratio.



Meanwhile, the average PTE score of Korean petrochemical industries is spread from 0.657 to 0.722 for seven consecutive years. As mentioned, PTE shows higher value than GTE because of SE; however, the average trend is almost similar to that of GTE, which indicates that SE does not affect the trend. Furthermore, the value differences between GTE and PTE vary. On the one hand, if two efficiency values are similar, then the two frontiers are adjacent. On the other hand, if there is huge gap between the two values, then the inefficiency that comes from scale-economy is severe. Explaining this deeper from the perspective of SE value, when SE is close to unity, we concurred that inefficiency was caused by the decrease in scale. If SE was close to zero, then the inefficiency caused by the scale was larger. Thus, the value of SE is important in determining firms’ policies for scale effect. Thus, firms whose GTE and PTE were almost equal suggested that they used the “scale effect” well, which was an ideal condition. Otherwise, firms with low SE indicated that they established policy to bridge this gap from the perspective of scale-economy.



As a result, the average score of SE for the seven-year sample period is over 0.9, indicating that the petrochemical firms show high performance overall in using scale effect. However, some firms show relatively low SE, and they need to use the scale effect more effectively to increase their SE. Furthermore, it is essential for firms to bridge the gap between GTE and PTE to enhance GTE. As a solution, these firms should evaluate the feasibility of restructuring the intra-firms’ input variable mix. We can provide suggestions for this restructuring by checking the DMU’s RTS condition. Based on this RTS condition, each firm can make a specific plan on its input variable mix.



Returns to scale derived from Equation (7) are classified as CRS, DRS, and IRS. In this study, based on the 2017 data, 16 firms had the DRS condition, indicating that these firms should downsize their inputs to increase their GTE value. Meanwhile, 39 firms exhibited the IRS condition, implying that they needed to increase their inputs because in this condition, the output rate is higher than the inputs. This may stem from the fact that firms were influenced by the uptrend of GTE. That is to say, well-established ETS had a positive impact on firms and promoted their production. Meanwhile, the condition ‘Constant’ was not reported in 2017, indicating that no firms completely used the scale effect (GTE = PTE).




4.2.3. Benchmark Information


We have already determined solutions from the perspective of scale; however, setting a detailed input mix is still difficult for each firm. Fortunately, as mentioned, DEA provides the benchmark information for inefficient DMUs, which shows the GTE value less than unity. These firms can learn from a set of efficient DMUs, which are called the “reference set”, that indicates that the efficiency value equal to unity of a firm makes them an efficient and ideal role models for other inefficient firms. That is to say, they are batched when they show similar input and output structure. Equation (8) explains how inefficient DMUs can approach unity. The λ value can be defined as the level of impact skilled DMUs give to each inefficient DMU. The result of the benchmarking information in this study is presented in Table 5. The main goal of benchmarking is providing a guide in organizing mix inputs in the future, not for analyzing trend; thus, we briefly provide information focusing on the sample year 2017.


Reference set’s input * λ = inefficient DMU’s input target



(8)







In this study, among the 55 firms, 11 firms were registered as the reference set. In particular, Hanhwa in 2011 and Hwaseung R&A in 2013 showed the best performance among these 11 reference sets, being reported 23 and 24 times as reference set, respectively. Their input and output mix were remarkably efficient from the perspective of green growth. This outstanding performance could be due to some financial or environmental achievements. For instance, Hanhwa was one of the leading firms in Korean petrochemical industry. Apparently, this leading firm already adopted well in ETS and accumulated know-how for sustainable management. Hanhwa also became the first Korean firm that implemented environmental management [34], an evidence showing its outstanding environmental performance. Furthermore, it has maintained its leading position in the Korean petrochemical industry, and this advantage seems to be reflected on its environmental performance too. Most benchmarking leaders did not keep their leading positions over time, implying the fragility and unsustainability of this position. In order to enhance sustainable governance, the government’s more proactive regulations and more transparent and predictable pathways toward the 2030 ambitious target should be emphasized.






5. Conclusions and Discussion


In 2015, the Korean government inaugurated its ETS; indeed, evaluating the feasibility of the government’s ETS policies may be too early because it is just four years from implementation. However, Korea is one of the world’s largest emitting countries, and by the 2030s, government must reduce the emission by 37% from BAU. Therefore, it is an urgent task to evaluate E&E performance from the perspective of firms participating in ETS. In this study, we focused on petrochemical industry, which has the largest share as a sole industry. Our findings and policy implications are summarized as follows.



First, GTE value obtained from this study shows that Korean petrochemical industry needs to enhance its own efficiency. The average GTE score of Korea was 63.5%, implying a 36.5% potential for enhancement of GTE in Korea. Thus, firm leaders need to try their best to restructure their input mix for this enhancement. In particular, right after the implementation of ETS, the lowest GTE values were obtained, which indicates instability and failure of the regulation regime in motivating firms to participate. However, this negative trend changed positively (uptrend) from 2017, showing “J-curve effect”. Therefore, we might have captured the evidence to anticipate sustainable future of Korean petrochemical industry under ETS. However, to maintain this uptrend, ETS should be sustainable from three aspects: profitability, growth capacity, and stability of ETS. In 2015, ETS was not workable because of lack of profitability coming from low carbon price. It was perceived as additional cost burden for firms. Therefore, governmental policy makers need to find more appropriate ways to increase carbon price and motivate firms to participate in ETS proactively. Once profitability problem is cleared, more firms are expected to participate in ETS, which will have positive effect on the entire sustainability.



Second, on the basis of the 2017 data, this study classified 39 and 16 firms under the IRS and DRS conditions, respectively. The 39 firms can enhance efficiency by enlarging their input mix, and the 16 firms can enhance their GTE by reducing their over-supplied input scale. This result implies that more investments do not always lead to an increase in GTE. To suggest more detailed guidelines for input variable mix, this study shows benchmarking information for each firm. Eleven firms are registered in the reference set in 2017. Since these firms are efficient in input mix, the rest of the firms that show similar scale should provide best performance in order to achieve calculated input target value. Eventually, this benchmarking process will be helpful for each firm in enhancing GTE. However, in order for these leading benchmarking firms to maintain their leadership, the Korean government should exhibit and maintain the transparent, yet predictable, pathways toward the very ambitious goal of reducing GHG emission until 2030.



Although this study has contributions from many perspectives, it still has several limitations. On the one hand, this study only focuses on petrochemical industry, which is insufficient in providing in-depth explanation about the impact of ETS because it consists of diversified sectors. Therefore, incorporating and analyzing the data from other sectors are recommended. Moreover, this study cannot support statistical reliability; therefore, the bootstrapping method and SFA are required to overcome this shortage.
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Figure 1. Korean business as usual (BAU) target by 2030 (Drawn by author). 
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Figure 2. Statistic of petrochemical products. Source: KPIA, KITA (http://www.index.go.kr/potal/main/EachDtlPageDetail.do?idx_cd=1153). 






Figure 2. Statistic of petrochemical products. Source: KPIA, KITA (http://www.index.go.kr/potal/main/EachDtlPageDetail.do?idx_cd=1153).



[image: Sustainability 11 03980 g002]







[image: Sustainability 11 03980 g003 550]





Figure 3. Gas technical efficiency (GTE) score from 2011 to 2017 (In average). 
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Table 1. Descriptive statistics.






Table 1. Descriptive statistics.





	Variable
	Type
	Unit
	Mean
	Std. Dev.
	Max.
	Min.





	Sales turnover
	Desirable output
	US$ billion
	1,566,278,032,416
	2,630,226,310,547
	1,721,714,5192,000
	30,047,159,567



	GHG
	Undesirable output
	CO2 equivalent tons
	539,525
	1,090,403
	5,979,058
	14,079



	Capital
	Input
	US$ billion
	92,690,553,201
	157,685,083,607
	829,665,480,000
	1,200,000,000



	Labor
	Input
	Per person
	935
	1339
	7619
	29



	Energy
	Input
	Terajoules
	9830
	20,808
	115,303
	256







Sources: Greenhouse Gas Inventory and Research Center of Korea (http://www.gir.go.kr/). DART: Data Analysis, Retrieval, and Transfer Syste