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Green manufacturing and environmental productivity growth  

 

 

Abstract  

Purpose Due to stringent regulations on carbon emissions, green manufacturing has become a critical 

issue in manufacturers’ strategic planning. Manufacturers are greening production through carbon 

abatement activities. This study aims to investigate the factors that influence the effects of carbon 

abatement on environmental productivity growth. 

Design/methodology/approach Using data envelopment analysis with directional distance function, 

this study examines productivity growth associated with carbon abatement under regulated and 

unregulated production technologies. A pollution abatement index is constructed for determining the 

effects of carbon abatement on environmental productivity growth. Panel data of eighteen European 

countries in paper and pulp and coke sectors are collected for the analysis. 

Findings The empirical findings reveal that carbon abatement may positively or negatively affect 

environmental productivity growth which is dependent on the nature of technology in a sector, the 

innovation capabilities of a country and environmental regulations.  

Originality/value Conventional approaches in measuring productivity changes do not normally take 

undesired outputs (e.g. carbon emissions) into consideration. This study contributes to literature by 

constructing a pollution abatement index that considers productivity changes under a joint production 

technology (where both desired and undesired outputs are considered). The findings enhance current 

understandings on the effectiveness of carbon abatement activities and help managers establish 

corporate environmental strategies to adopt green manufacturing.   
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1. Introduction  

       The growing concerns about environmental pollutions and global warming have made 

governments to develop regulations and policies to reduce greenhouse gas emissions from industrial 

production (Rao 2004; Vachon and Klassen 2007; Orji and Wei 2016; Kazancoglu et al. 2018). For 

example, the European Union (EU) committed to the targets of 20% cut in greenhouse gas emissions 

(from 1990 levels) and 20% improvement in energy efficiency (European Commission 2014). The 

greening of energy intensive sectors, such as iron and steel, paper and pulp, coke and refinery, plays 

pivotal roles in tackling global climate change because large amounts of greenhouse gas are generated 

during the production and supply chain processes (World Bank 2007; Rao 2004; Orji and Wei 2016). 

The CO2 emission reduction has been regarded as the key environmental target under all recent 

regulatory schemes, including Kyoto protocol (1997), Chicago Climate Exchange (2003), European 

Union Emissions Trading Scheme (2005), and Climate Change Act (2008). 

      Stricter regulations on the environment and increasing pressure from public are forcing 

manufacturers to include environmental factors in their manufacturing strategies and to adopt green 

manufacturing, which refers to the production systems that minimize the negative impacts of 

operations on the environment and natural resources (Laosirihongthong et al. 2013; Kazancoglu et al. 

2018; Bai et al. 2018). Green manufacturing and carbon abatement may use pollution prevention 

technologies which rely on improving input quality to reduce emissions of pollutants and the amount 

of waste (Vachon and Klassen 2007; Chiou et al. 2011) and/or pollution control technologies which 

focus on capturing, treating or disposing pollutants or harmful by-products in manufacturing 

processes (Rao 2004; Ouardighi et al. 2016).  

       To meet regulatory requirements on carbon emission limits, manufacturers are redesigning their 

production and supply chain operations, and are implementing carbon abatement activities to reduce 

hazardous emissions, eliminate wasteful resources consumption, mitigate environmental risks and 

protect natural resources (Toptal et al. 2014; Vachon and Klassen 2007; Ouardighi et al. 2016). 

However, empirical evidence exists that the implementation of carbon abatement activities may have 

an adverse effect on an industry’s productivity (Ignatius et al. 2016; Pasurka 2008).  One possible 

reason is that traditional productive measures do not consider environmental factors such as undesired 

outputs (e.g. greenhouse gas) (Zhou et al. 2008). Hence, a joint production technology approach that 

simultaneously considers both good and bad outputs has been proposed to measure environmental 

productivity (Quariguasi Frota Neto et al. 2009). However, few studies have estimated productivity 

growth under regulated and unregulated production technologies for determining the effects of carbon 

abatement activities on environmental productivity growth. This study aims to investigate the factors 

that influence the effects of carbon abatement on environmental productivity growth using panel data 

from paper and pulp and coke industries across eighteen European countries. 

       Data envelopment analysis (DEA) is a nonparametric method for the estimation of production 

frontiers (Kahi et al. 2017; Chang et al. 2014). As a mathematical programming based approach, DEA 
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has been used for measuring relative efficiency of decision making units (DMUs) that have multiple 

inputs and outputs (Charnes et al. 1978). This method compares DMUs considering all inputs used 

and outputs produced, and identifies the most efficient DMUs (Liu et al. 2017). DEA with directional 

distance function has been widely applied to measure environmental productivity (Chung et al. 1997; 

Färe et al. 2007; Zhou et al. 2008; Chang et al. 2014; Ouardighi et al. 2016; Liu et al. 2017).  For 

example, Färe et al. (2007) analyse the environmental production performance using the data of 92 

coal-fired power plants in the United States. Ramli et al. (2013) investigate the eco-efficiency of the 

Malaysian manufacturing sectors considering CO2 emissions. Arabi et al. (2017) measure the eco-

efficiency of Iranian gas-fired power plants using the data from 2003 to 2010. We adopt this DEA 

approach, as we find that the method is particularly relevant since regulators themselves commonly 

use similar efficiency and productivity measures as management tools and to evaluate policy 

outcomes. Also the applied DEA method allows us to construct the pollution abatement index (PAI) 

in the second stage to offer a more explicit implication for the environmental regulatory settings.  

      We focus on greenhouse gas pollution prevention and control and investigate CO2 emission as the 

main and common bad output because it has been regarded as the key environmental target under all 

recent regulatory schemes. We conduct the research in the paper and pulp and coke industries for two 

reasons. First, both paper and pulp and coke are energy intensive industries which generate 

considerably high levels of CO2 emissions during the production processes. Carbon abatement 

activities have significant impacts on environmental productivity growth in the two industries. Second, 

the two industries have different production processes from inputs to final outputs and rely on 

different carbon abatement technologies. Comparing the impacts of carbon abatement on 

environmental productivity growth in the two industries can shed light on the roles played by 

technologies in green manufacturing. The findings from our empirical analysis provide insights into 

the impacts of the nature of production technologies and processes of a sector, innovation capabilities 

of a country and environmental regulations and policies on carbon abatement.  

        Details of the model and its application are presented in Section 2. Section 3 describes the data 

and discusses the empirical findings. Section 4 concludes the paper with the key findings and 

highlights the implications and future research directions.   

  

2. The model 

       In this section, we begin with elaborating the decision-making model using a joint production 

function through carbon abatement as the reference model. After that, we show the conventional 

measurement of productivity derived from it. Finally, we construct the PAI using the estimated 

productivity growth indices to offer a more explicit implication for the environmental regulatory 

settings.  

        In consistence with the denotations used in the literature, let x = (x1, … , xN) ∈ ℝ+
N denotes a 

vector of inputs, y = (y1, … , yM) ∈ ℝ+
M denotes a vector of good (desired) outputs, and b =
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(b1, … , bI) ∈ ℝ+
I  denotes a vector of bad (undesired) outputs. Thus, the joint production function is 

specified as: 

P(x) = {(y, b): x can produce (y, b)}, x ∈ ℝ+
N,                                                                                     (1) 

where the output set P(x) represents the combination of good and bad outputs (y, b)  that can be 

produced using the given input vector x. We consider an output-orientated optimisation problem. P(x) 

is a convex and compact set that satisfies the standard properties of no free lunch, possibility of 

inaction, and strong or free disposability of inputs (Färe et al. 2016).  

       To assure the joint production of good and bad outputs through carbon abatement activities, it is 

necessary to impose further two assumptions.  They are, 

(i) if (𝑦, 𝑏) ∈ 𝑃(𝑥) and 𝑏 = 0 then 𝑦 = 0; 

(ii) if (𝑦, 𝑏) ∈ 𝑃(𝑥) and 0 ≤ 𝜃 ≤ 1 imply (𝜃𝑦, 𝜃𝑏) ∈ 𝑃(𝑥).  

The assumption (i) ensures the null-jointness of the output set, meaning that no good outputs can be 

produced without producing any bad outputs. The second assumption ensures the jointly weak 

disposability of good and bad outputs, implying that a reduction of the bad outputs is not costless, 

which may negatively influence the production level of good outputs. It is not unreasonable to argue 

that carbon abatement activities require resources that otherwise could have been used to increase 

production of good outputs. Therefore, the joint production technology assumes, in principle, good 

outputs are economically disposable without cost, nevertheless bad outputs are not, in particular with 

environmental regulations imposed.  

        With the above assumptions, the joint production technology can be written into a directional 

output distance function as defined by Chambers et al. (1998). Thus, we have 

𝑑𝑜(𝑥, 𝑦, 𝑏; 𝑔𝑦, 𝑔𝑏) = sup  {𝜃: (𝑦, 𝑏) + (𝜃𝑔𝑦, 𝜃𝑔𝑏) ∈ 𝑃(𝑥)}                                                                (2) 

where 𝑔 = (𝑔𝑦, 𝑔𝑏) and 𝜃 represent the direction and proportion in which the output vector (𝑦, 𝑏) is 

scaled to reach the frontier of the output set P(x).  The directional output distance function value 𝜃 is 

zero lower-bounded.  A value equals to zero indicates the observed output vector is located on the 

frontier, and thus being technically efficient; otherwise, the output vector is within the frontier, 

indicating technical inefficiency. 

      We operationalise the directional output distance model under two situations: (i) when carbon 

abatement activities are incorporated in the production technology, i.e. 𝑑𝑜(𝑥, 𝑦, 𝑏; 𝑦, −𝑏) , the 

directional vector is 𝑔 = (𝑦, −𝑏); and (ii) when they are not, i.e. 𝑑𝑜(𝑥, 𝑦, 0; 𝑦, 0), the bad outputs are 

ignored from the output set P(x) and the directional vector is 𝑔 = (𝑦, 0) (Krautzberger and Wetzel 

2012). In the first situation (i.e. regulated Model 1) where the producers comply with environmental 

regulations in which the bad outputs are limited to a certain level, the decision model seeks to increase 

the good outputs and simultaneously reduce the bad outputs to reach the efficient production frontier 

along the direction 𝑔 = (𝑦, −𝑏).  For given inputs, in an output-orientated approach, some inputs are 

reallocated as abatement costs in the production process. That implies that certain level of good 
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outputs production is likely to be sacrificed to meet the regulated limit of the bad outputs.  In the 

second situation (i.e. unregulated Model 2), there is no environmental regulation imposed. We assume 

that all inputs are used to produce good outputs; the bad outputs are ignored from the output set. The 

unregulated Model 2 is thus the conventional optimisation approach that seeks to solely expand the 

good outputs for given inputs (i.e., to expand the original output vector (𝑦, 0) along the direction 𝑔 =

(𝑦, 0) to the efficient frontier).  Figure 1 illustrates the two directional output distance models. 

Insert Figure 1 about here 

       In this application, we calculate the Sequential Malmquist productivity change index (SM) 

introduced by Oh and Heshmati (2010). The SM measure is different from the conventional 

Malmquist index in the way how the frontier is defined.  The sequential efficient frontier of each year 

is defined relative to all observations from the preceding years in the sample.  In other words, each 

year’s frontier is measured by taking all past information including all preceding technologies into 

account.  The output set is thus specified as:  

𝑃̅𝑡(𝑥𝑡) = 𝑃1(𝑥1) ∪ 𝑃2(𝑥2) ∪ … ∪ 𝑃𝑡(𝑥𝑡),     𝑡 = 1, … , 𝑇                                                                   (3) 

Therefore, by definition the SM index eliminates every possibility of technological regression in the 

production over the observation years. Following Oh and Heshmati (2010), the SM index between 

periods t and t+1 is given by:  

𝑆𝑀𝑡
𝑡+1 = [

[1+𝑑⃗𝑜
𝑡 (𝑡)]

[1+𝑑⃗𝑜
𝑡 (𝑡+1)]

×
[1+𝑑⃗𝑜

𝑡+1(𝑡)]

[1+𝑑⃗𝑜
𝑡+1(𝑡+1)]

 ]

1

2
                                                                                         (4) 

       Similar to the conventional Malmquist index, the SM index is a geometric mean of two 

productivity indices.  The first part is measured by the ratio of the two output distances in periods t 

and t+1 with respect to the period t technology and the second with respect to the period t+1 

technology.  To calculate the SM index, four directional distance functions must be defined and solved. 

The notation 𝑑𝑜
𝑡 (𝑡)  represents the directional output distance function, 𝑑𝑜

𝑡 (𝑥𝑡, 𝑦𝑡, 𝑏𝑡; 𝑔𝑦
𝑡 , 𝑔𝑏

𝑡 ) , 

measuring the distance of production in the period t relative to the period t technology. And the 

notation  𝑑𝑜
𝑡+1(𝑡) represents the directional output distance function, 𝑑𝑜

𝑡+1(𝑥𝑡, 𝑦𝑡 , 𝑏𝑡; 𝑔𝑦
𝑡 , 𝑔𝑏

𝑡 ), which 

measures the distance of production in the period t relative to the period t+1 technology.  

      The SM index can be decomposed into two components: efficiency change ( 𝐸𝑡
𝑡+1 ) and 

technological change (𝑇𝑡
𝑡+1), indicating underlying factors contributing to the productivity change. It 

is written as,  

𝑆𝑀𝑡
𝑡+1 = 𝐸𝑡

𝑡+1 × 𝑇𝑡
𝑡+1                                                                                                                     (5) 

where,  

𝐸𝑡
𝑡+1 =

[1+𝑑⃗𝑜
𝑡 (𝑡)]

[1+𝑑⃗𝑜
𝑡+1(𝑡+1)]

                                                                                                                       (6) 

and 
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𝑇𝑡
𝑡+1 = [

[1+𝑑⃗𝑜
𝑡+1(𝑡)]

[1+𝑑⃗𝑜
𝑡 (𝑡)]

×
[1+𝑑⃗𝑜

𝑡+1(𝑡+1)]

[1+𝑑⃗𝑜
𝑡 (𝑡+1)]

]

1

2
                                                                                               (7) 

𝐸𝑡
𝑡+1 measures the change in output efficiency between two periods, which is the ratio of the distances 

of observations to their respective regulated frontiers, measured in terms of proportionally expanded 

good outputs and contracted bad outputs.  A shift of the production frontier between two adjacent 

periods t and t+1 is measured by 𝑇𝑡
𝑡+1. Table 1 summarises the technical implications of these three 

indices. 

Insert Table 1 about here  

 

      To operationalise Equation (4), we follow Färe et al. (2001)’s non-parametric DEA approach. We 

start with the regulated Model 1. Let 𝜏 = 1, … , 𝑇 time periods and 𝑘 = 1, … , 𝐾 observations of inputs 

and outputs (𝑥𝑘,𝜏, 𝑦𝑘,𝜏, 𝑏𝑘,𝜏), we specify the sequential directional output distance function for each 

observation 𝑘′ at the time 𝑡 as the following linear program (LP):  

           𝑑𝑜
𝑡 (𝑥𝑡,𝑘′

, 𝑦𝑡,𝑘′
, 𝑏𝑡,𝑘′

; 𝑔𝑦
𝑡,𝑘′

, 𝑔𝑏
𝑡,𝑘′

) = max 𝜃 

𝑠. 𝑡.     ∑ ∑ 𝑧𝑘
𝜏𝐾

𝑘=1 𝑦𝑘𝑚
𝜏𝑡

𝜏=1 ≥ (1 + 𝜃)𝑦𝑘′𝑚
𝑡  , 𝑚 = 1, … , 𝑀                        (i) 

           ∑ ∑ 𝑧𝑘
𝜏𝐾

𝑘=1 𝑏𝑘𝑖
𝜏𝑡

𝜏=1 = (1 − 𝜃)𝑏𝑘′𝑖
𝑡  , 𝑖 = 1, … , 𝐼                               (ii)                                       (8) 

           ∑ ∑ 𝑧𝑘
𝜏𝐾

𝑘=1 𝑥𝑘𝑛
𝜏𝑡

𝜏=1 ≤ 𝑥𝑘′𝑛
𝑡  , 𝑛 = 1, … , 𝑁                                       (iii) 

           𝑧𝑘
𝜏  ≥ 0 , 𝑘 = 1, … , 𝐾                                                                    (iv) 

where 𝑧𝑘
𝜏 is a vector of optimal weights defined by optimization LP problem to construct the efficient 

frontier.  The imposed non-negative constraint (iv) on the 𝑧𝑘
𝜏 indicates that constant returns to scale in 

the production technology are assumed (Chung et al. 1997). Constraints (i) and (iii) ensure that the 

productive efficiency of observation k’ is maximized subject to the restriction that the efficiencies of 

all observations must be less than or equal to one.  The strict equality constraint (ii) together with 

constraint (i) allow for the jointly weak disposability of the good and bad outputs.  Solving the above 

LP using the same inputs, the value of 𝜃 measures the extent to which the good and bad outputs can 

conceivably and proportionally be increased and decreased relative to all other observations in the 

sample. The null-jointness assumption is guaranteed by the following two constraints on the bad 

outputs: 

∑ 𝑏𝑘𝑖
𝜏𝐾

𝑘=1 > 0,       𝑖 = 1, … , 𝐼 𝑎𝑛𝑑 𝜏 = 1, … 𝑇                                                                                       (9) 

∑ 𝑏𝑘𝑖
𝜏𝐼

𝑖=1 > 0,       𝑘 = 1, … , 𝐾 𝑎𝑛𝑑 𝜏 = 1, … 𝑇                                                                                    (10) 

that is, at least one bad output is produced by at least one observation k at each time τ.  This can be 

seen from taking 𝑏𝑘′𝑖
𝑡 = 0, for 𝑖 = 1, … , 𝐼  in (8) so that 𝑧𝑘

𝜏 = 0, 𝑘 = 1, … , 𝐾 , and so does 𝑦𝑘′𝑚
𝑡 =

0, 𝑚 = 1, … , 𝑀 (i.e. no output is produced) (Färe et al. 2016).  

      The LPs for 𝑑𝑜
𝑡 (𝑡 + 1),  𝑑𝑜

𝑡+1(𝑡) and 𝑑𝑜
𝑡+1(𝑡 + 1) can be specified analogically. The four LPs 

altogether represent the regulated Model 1, i.e. the joint production technology through environmental 
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regulations. Solving regulated Model 1, we obtain the environmental productivity change index 

(SMgb).   

       To estimate PAI, which is defined as a ratio of productivity changes from unregulated and 

regulated models for implication of abatement costs, we next specify the unregulated Model 2, i.e. 

ignoring bad outputs from the production process (Aiken et al. 2009).  We drop the equality constraint 

(ii) in (8) and the constraints (9) and (10).  Thus, the value of 𝜃 in the unregulated Model 2 measures, 

for given inputs, the extent to which the good outputs can be expanded relative to the efficient frontier 

while ignoring bad outputs. The directional distance function for the unregulated Model 2 is 

𝑑⃗⃗𝑜

𝑡
(𝑥𝑡,𝑘′

, 𝑦𝑡,𝑘′

, 0; 𝑦𝑡,𝑘′

, 0) = max 𝜃 in which the bad outputs are excluded. That means the LPs is to 

optimize solely the good outputs, for given inputs.  Solving the unregulated Model 2, we obtain the 

other set of productivity change index (SMg).  

     We use the two sets of productivity change indices obtained from our afore-defined unregulated 

and regulated models to estimate the PAI as:  

PAI =
𝑆𝑀𝑔

𝑆𝑀𝑔𝑏
                                                                                                                                          (11) 

Table 2 summarises the technical meanings and implications of the PAI. 

Insert Table 2 about here  

 

3. Analysis and results   

             3.1. Data 

                     The industry level production data for the paper and pulp and coke sectors in EU countries were 

collected from the OECD Structural Analysis (STAN) Database 

(https://unstats.un.org/unsd/cr/registry/regcst.asp?Cl=2&Top=2&Lg=1). Given some underlying data 

problems on missing value and consistency, we finally compiled a balanced panel dataset containing 

aggregated information on industrial input and output variables for eighteen EU countries over the 

period 1995-2006 for empirical analysis.  Table 3 lists the sample countries.  

Insert Table 3 about here  

       Gross output was used as the good (desired) output, whereas CO2 emissions were used as the bad 

(undesired) output. The input and output data were measured in local currency units at current prices, 

except that employees were measured in numbers. GDP deflators from the OECD were used to 

transform those series into constant prices based on the year 2000.  For cross-country comparisons, 

the local currency measures were converted into an international common unit using purchasing 

power parities collected from the OECD (OECD 2001).  For each sector studied, the input variables 

were intermediate inputs (incl. energy, materials and services), capital stock and number of 

employees. We applied the standard perpetual inventory method to calculate the capital stock for our 

analyses (Aiken et al. 2009; Krautzberger and Wetzel 2012). In our specified formula, 𝐾𝑠,𝑖,𝑡 =

https://unstats.un.org/unsd/cr/registry/regcst.asp?Cl=2&Top=2&Lg=1
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(1 − 𝛿)𝐾𝑠,𝑖,𝑡−1 + 𝐼𝑠,𝑖,𝑡 , we assumed a 5% country average depreciation rate (denoted by 𝛿) for both 

paper and pulp and coke sectors. 𝐾𝑠,𝑖,𝑡  and 𝐼𝑠,𝑖,𝑡  are the capital stock and the gross fixed capital 

formation (GFCF) for sector s in country 𝑖 at time 𝑡. The initial capital stock for each sector in each 

country can be calculated by 𝐼0/(𝑔𝐼 + 𝛿), the ratio of the 1994 GFCF to the sum of the country 

average growth rate of GFCF and average depreciation rate.  

                     The data on CO2 emissions were extracted from Eurostat’s Air Emissions Accounts (AEA) 

(http://ec.europa.eu/eurostat/web/environment/emissions-of-greenhouse-gases-and-air-pollutants/air-

emissions-accounts) which reports air emissions by the economic activities from which the emissions 

are originated.  The production and consumption activities were classified according to the Statistical 

Classification of Economic Activities in the European Community. This classification is compatible 

with the ISIC (United Nations International Standard Industrial Classification) used in the STAN 

Database and hence allows us to combine CO2 emissions from economic activities with economic 

figures on the industry level. Table 4 presents the statistical summary of inputs and outputs by sector. 

Insert Table 4 about here  

                   We presented three important production and environmental indicators for both sectors across 

countries over the twelve years (1995-2006) in Table 5, where the major national producers and the 

top CO2 emitters were identified. The first three columns presented, in sequence, cross-country 

information on the gross output (i.e. good output), CO2 emissions (i.e. bad output) and CO2 intensity 

calculated as the ratio of CO2 emissions to gross output production for the paper and pulp sector. The 

later three columns reported the information for coke sector in the same order. In line with jointly 

weak disposability of good and bad outputs in the production, the two sectors shared a common 

pattern in which a country’s high-level CO2 emissions was generally associated with a high level 

gross production in that country, but not necessarily to be low with a low level gross production. This 

could be observed, for example, the top seven paper and pulp producers (i.e. DE, IT, FR, UK, FI, ES 

and SE whose twelve-year’s average gross productions were arranging from 30,400 to 11,200 million 

US$s, above cross-country average at 9,330 million US$s) were all associated with high levels of CO2 

emissions ranging from 6,549 to 2,270 thousand tons (i.e. above the average level at 2,202 thousand 

tons across country). However, among those, for example, a lower level of gross output (19,200 

million US$s) in FR was accompanied with a relatively higher level of CO2 emissions (5,623 

thousand tons) compared to those in IT (an average gross output at 21,000 million US$s is associated 

with 4,981 thousand tons CO2 emission on average).  Furthermore, the value of CO2 intensity revealed 

the insight that the smallest paper and pulp producer, SL, had the highest CO2 intensity with 0.58. In 

contrast, five out of the seven top producers were all featured by an intensity level below across 

country average of 0.25.   

Insert Table 5 about here  

http://ec.europa.eu/eurostat/web/environment/emissions-of-greenhouse-gases-and-air-pollutants/air-emissions-accounts
http://ec.europa.eu/eurostat/web/environment/emissions-of-greenhouse-gases-and-air-pollutants/air-emissions-accounts
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       There were some distinctions in the coke sector, while the common pattern held. Unlike the paper 

and pulp sector, six out of seven top coke producers (i.e. DE, IT, ES, UK, NL and PL) were featured 

with above average CO2 intensities ranging from 0.62 to 0.96. The exception country was BE 

demonstrating super eco-production with a very low CO2 intensity level of 0.1.  Furthermore, it could 

be seen from the mean values that the CO2 intensity of coke sector was more than doubled the value 

of paper and pulp sector. This implied that the pollution level in coke production was generally higher, 

which was determined by the nature of technology of the two sectors. The environmental impacts of 

the production of pulp and paper mainly result from the pulping and bleaching processes (Ackermann 

et al. 1999). The coke oven is a major source of fugitive air emissions and coal charging, coke 

pushing and quenching are major sources of dust emissions. Coke production generally has a higher 

emission generation rate in terms of kilograms per metric ton (kg/t) compared to pulp and paper 

production (Ackermann et al. 1999).  

3.2. Findings and discussion  

                   In this section, we present our estimation results on productivity change indices obtained from the 

unregulated and regulated models. We discuss the impact of carbon abatement activities on 

productivity change using the insights from PAI. Table 6 presents the average productivity changes 

under the unregulated and regulated production technologies over the period of 1995-2006 by sector.  

Insert Table 6 about here 

            3.2.1. Impact of the nature of technology in a sector    

                    It can be seen from the value of PAI (0.996) in Table 6, introducing carbon abatement in the 

paper and pulp sector, in general, has an improving effect on its productivity, despite the decreases in 

both productivity measures. Such improving effect is driven by a greater environmental technological 

progress with 3.85% over 1995-2006, compared to 2.42% progress in conventional production 

technology over the same period. In contrast, the PAI value (1.004) for the coke sector suggests that 

the introduction of carbon abatement slows down the overall productivity growth. This can be 

decomposed into the slowdown in both efficiency growth and technological progress in the coke 

production. Despite the common trend in the technological progress across all countries in EU, the 

decrease in environmental efficiencies of many countries’ coke production suggests that the coke 

production, on average, is moving away from the efficient production frontier since the carbon 

abatement activities are imposed.   

     The result indicates the coke sector is more sensitive to the opportunity cost of the carbon 

abatement activities compared to paper and pulp sector. The two sectors focus on different practices 

and technologies for pollution prevention and control. Although the design of the facility layout and 

the use of water spray systems can manage emissions in coke production, improving the quality of 

coal feed to coke production is more important for preventing pollution. The use of high-grade coal 

can reduce cooking time, increase throughput, reduce fuel consumption, and minimize thermal shock 

to refractory bricks (Ackermann et al. 1999). Hence, the carbon abatement must focus on both 
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transformed (e.g. raw materials) and transforming (e.g. facilities and equipment) resources of the 

production processes and coke manufacturers mainly rely on pollution prevention technologies. In the 

paper and pulp production, process modifications and advanced equipment are essential for reducing 

the generation of air emissions (Ackermann et al.1999). Hence, the carbon abatement mainly focuses 

on the transforming resources and paper and pulp manufacturers rely on pollution control 

technologies. Introducing carbon abatement in the coke sector requires manufacturers to use better 

raw materials in operations, which may reduce the input levels and the total productivity. Therefore, a 

comparison between the coke and paper and pulp sectors reveals that the relationship between carbon 

abatement and productivity is influenced by the nature of the technologies and their impacts on the 

transformed and transforming resources of the production processes. 

3.2.2. Impact of the innovation capability of a country  

                      Figures 2 and 3 illustrate the patterns of SMg, SMgb and PAI for the sample countries in the two 

sectors respectively.  The cross-country comparisons reveal that two (i.e. ES and FI) main paper and 

pulp and three (i.e. ES, NL and UK) main coke producers have been slightly worse off in terms of 

their productivity growth over 1995-2006 (Table 7). According to the Global Innovation Index 2008-

2009 (INSEAD 2009), the majority of the main European paper and pulp and coke producers have 

high innovation capabilities. They have developed industrial innovations to prevent and control 

pollutions. For example, the paper and pulp producers have developed innovative equipment for dry 

debarking, low-odour design black liquor recovery furnace, and advanced steam boilers, heating 

systems and vacuum pumps. Coke producers have developed loading and unloading equipment to 

minimize the height of coal drop to the stockpile, water spray systems and/or polymer coatings to 

reduce the formation of fugitive dust from coal storage and enclosed conveyors combined with 

extraction and filtration equipment on conveyor transfer. DE, UK, DK and NL were among the top 

ten counties in terms of innovation outputs (INSEAD 2009). In the paper and pulp sector, 

transforming resources of the operations play critical roles in pollution control. Hence, the main 

European paper and pulp producers who have high innovation capabilities can develop advanced 

technologies that can control pollution and improve productivity at the same time. However, in the 

coke sector, both transformed and transforming resources of the operations must be improved for 

preventing pollution. Developing and adopting advanced abatement technologies alone cannot 

guarantee the productivity increases. Although NL and UK have high innovation capabilities to 

develop advanced abatement technologies, they may fail to improve the transformed resources. 

Therefore, the adoption of carbon abatement reduces productivity. In addition, ES was ranked at the 

31st position in terms of innovation outputs, the lowest among all major paper and pulp and coke 

producers (INSEAD 2009). ES lacks the innovation capabilities to develop advanced abatement 

technologies and hence we find that introducing carbon abatement reduces productivity in both 

sectors.  

Insert Table 7, Figure 2 and Figure 3 about here 
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            3.2.3. Impact of environmental regulations  

                    The Kyoto Protocol, which was adopted in 1997, is an international treaty which extends the 1992 

United Nations Framework Convention on Climate Change and commits State Parties to reduce 

greenhouse gas emissions. The main goal of the Kyoto Protocol is to control emissions of the main 

human-emitted greenhouse gases. The European countries have an obligation to reduce emissions and 

must meet their emission limitation commitments according to the Kyoto Protocol. The European 

Union Emissions Trading System (EU ETS), which was launched in 2005, aims to fight global 

warming using the “cap and trade” principle. A maximum (cap) is set on the total amount of 

greenhouse gases that can be emitted by all participating installations. If emission exceeds what is 

permitted by its allowances, an installation must purchase allowances from others. Conversely, if an 

installation has performed well at reducing its emissions, it can sell its leftover credits. We have 

calculated the productivity changes after the implementation of the Kyoto Protocol and EU ETS 

respectively (Table 8). In general, across our sample countries, the performance of the coke sector is 

more sensitive to the environmental regulations than the paper and pulp sector. This can be seen from 

more significant technology progresses in the coke sector immediately after the two events in 1998 

and 2006 with an average increase of 0.46% and 1.30%, respectively (Table 8). We also find that the 

Kyoto Protocol and EU ETS have different impacts on carbon abatement and environmental 

productivity. After the adoption of Kyoto Protocol, there is an increase on the productivity of 

introducing carbon abatement whereas the launch of the EU ETS reduces the productivity of carbon 

abatement in both sectors. This finding can be explained by the objectives and mechanisms of the two 

environmental regulations. The Kyoto Protocol mainly sets targets for greenhouse gas emissions and 

hence coke and paper and pulp manufacturers are motivated to invest in developing and adopting 

advanced carbon abatement technologies that can improve productivity. The EU ETS allows 

manufacturers to sell emission allowance. Some manufacturers may find it is more profitable for them 

to operate below their full capacities and sell the allowances to others. Hence, instead of investing to 

improve carbon abatement technologies, the manufacturers may prefer to reduce the production to 

control the emissions.  

Insert Table 8 about here     

 

4. Conclusions 

                     This study constructs a PAI using a joint production approach. Using data collected from paper 

and pulp and coke sectors in European countries over the period of 1995-2006, this study provides 

empirical evidence that carbon abatement may either improve or reduce environmental productivity 

growth. By comparing the productivity changes in the two sectors, the findings reveal that the carbon 

abatement activities that focus on the transformed resources of operations may reduce environmental 

productivity whereas those focus on the transforming resources of operations may improve 

environmental productivity. We also conduct across country comparisons and the results indicate that 
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introducing carbon abatement in countries with high innovation capabilities tend to improve 

environmental productivity. Finally, we investigate the effects of two kinds of environmental 

regulations by comparing the productivity changes and find that the Kyoto Protocol positively 

whereas the EU ETS negatively affects the impacts of carbon abatement on environmental 

productivity.  

        The results have three main implications for practitioners and policy makers. First, the findings 

indicate that an abatement activity reduces productivity if it focuses on transformed resources whereas 

an abatement activity improves productivity if it improves transforming resources. Therefore, we 

suggest practitioners analyse the nature of the technologies and production processes when adopting 

carbon abatement activities. We suggest managers in energy intensive industries identify and focus on 

the transforming resources of the production processes to improve productivity in the greening of 

manufacturing. Advanced machines and equipment should be developed and adopted in the 

production processes to green supply chains and reduce carbon emissions. When designing products 

and processes, managers should consider the carbon emissions of the products’ entire life-cycle. 

Trainings and incentives should be provided to managers and employees to motivate and facilitate 

them to learn and implement green manufacturing processes and technologies. Second, the findings 

reveal that the innovation capabilities of a country have significant impacts on the environmental 

productivity growth. Manufacturers in the countries with high research and development capabilities 

can reduce carbon emissions and improve environmental productivity at the same time. Therefore, we 

suggest policy makers devise policies and regulations to promote manufacturers to invest in research 

and development on carbon abatement technologies. Government officials should also provide grants 

for universities and research institutes to support low carbon manufacturing research. Government 

officials should organise events and design policies to promote university and industry collaboration, 

the knowledge transfer between researchers and practitioners, and the commercialization of the 

research outputs on green manufacturing and carbon abatement. Third, we find that the objectives and 

mechanisms of environmental regulations affect the environmental productivity growth. Policy 

makers should be aware that a regulation directly controlling the amount of carbon emissions may 

lead to environmental productivity growth because manufacturers will invest in and adopt green 

manufacturing technologies and practices whereas a regulation indirectly controlling carbon 

emissions through trading market may drive some manufacturers to decrease production and sell their 

quotas in the market which allow resources to flow to the efficient manufacturers in the industry. 

Therefore, policy makers should devise the environmental regulations according to the objectives of 

controlling the overall carbon emissions and/or optimising the resources allocation in an industry.  

                     The conclusions are based on the empirical data collected from two sectors in European countries 

from 1995 to 2006, which is a limitation of this study. Data over a longer term could provide more 

insights into the influences of the environmental regulations and major industrial innovations. Future 

studies could also apply the approach to other sectors with different technological characteristics and 
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other countries with different innovation capabilities to validate and generalise the findings related to 

the impacts of industry and country characteristics on the effects of carbon abatement on 

environmental productivity growth. In addition, this study mainly focuses on greenhouse gas 

emissions. Other air and water pollutions also have significant and negative environmental impacts. 

Future studies can investigate the overall impacts of air and water pollutants reduction on resource 

efficiency and circular economy.  
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