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Abstract 

This study reexamines the issue of persistence in carbon emission allowance spot 
prices, using daily data, and covering the period from 28/2/2007 to 14/05/2014. For 
this purpose we use techniques based on the concept of long memory accounting for 
structural breaks and non-linearities in the data, with both of these aspects potentially 
affecting the degree of persistence. Our results indicate that, while there is no 
evidence of non-linearity, when allowing for structural breaks, persistence of shocks 
to the carbon emission allowance is markedly reduced, with the same being transitory 
in nature for recent sub-samples. 
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1. Introduction 

Modeling and explaining CO2 dynamics have received a great deal of attention in 

recent years related to an increase in greenhouse gases and climate change. Some 

recent studies have focused on the efficiency of carbon emission markets (see, for 

example, Daskalakis and Markellos, 2008; Joyeux and Milunovich, 2010; Charles, 

Darné and Fouilloux, 2011); determinants of CO2 allowance prices (see, for example, 

Alberola et al., 2007, 2008a,b; Chevallier, 2009; Hintermann, 2010; Hitzemann and 

Uhrig-Homburg, 2013 and Hammoudeh et al., 2014a,b among many others), 

comovements of carbon allowance prices and the prices of other financial assets (see, 

for example, Chevallier, 2011a,b), while other studies have analyzed the relationship 

between carbon spot and futures prices (see, for example, Uhrig-Homburg and 

Wagner, 2009; Joyeux and Milunovich, 2010; Chevallier, 2010; Arouri et al., 2012 

and Rittler, 2012, among others). 

In this paper, we re-examine the time series properties of CO2 emission 

allowance spot prices covering the daily period from 28/2/2007 to 14/05/2014. 

However, instead of using previous models or approaches already used in the 

literature such as mixed GARCH models (Paolella and Taschini, 2008), Markov 

switching and GARCH (Benz and Trück, 2009), fractionally integrated asymmetric 

power GARCH (Conrad et al., 2012), or Markov switching GARCH models 

(Benschop and López, 2014), we use other recently developed methodologies based 

on the concept of long run dependence or long memory processes in the context of 

non-linearities and structural breaks. 

Three contributions are made by this work. First, we provide further evidence 

of the long memory properties of the carbon emission allowance prices along with an 

analysis of their stability properties across time. In this context, a recent procedure to 
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determine fractional integration with structural breaks is also implemented. Second, 

we introduce a new model also based on long memory that uses non-linear 

deterministic trends in the context of fractional integration to describe the carbon 

emission allowance prices. Third, our selected sample period (28/2/2007 - 

14/05/2014) covers three trading periods from European Union Allowance -EUA- 

(e.g., Phase I runs from 2005 until 2007; Phase II goes from 2008 to 2012 and Phase 

III runs from 2013 until 2020). To the best of our knowledge, our research is the first 

paper that analyzes the persistence property of CO2 allowance price accounting for 

structural breaks and non-linearities with CO2 data from the three Phases of the 

European Union Emissions Trading System -EU ETS-. 

The remainder of the paper is structured as follows: Section 2 reviews the 

literature on CO2 emissions. Section 3 briefly describes the methodology and justifies 

its application in the context of CO2 emissions. Section 4 presents the data and the 

main empirical results, while Section 5 contains some concluding comments. 

 

2. Literature review on modeling CO2 emission allowance prices 

Kyoto Protocol, greenhouse gases and climate change tend to explain in a recent 

number of studies both modeling and the determinants of CO2 emission allowance 

prices. Some papers that analyze price drivers of CO2 emission allowance prices are 

Alberola et al. (2007, 2008a,b), Chevallier (2009), Hintermann (2010), Kim and Koo 

(2010), Hitzemann and Uhrig-Homburg (2013), Wang et al. (2013) and Hammoudeh 

et al. (2014a,b) among many others. Price drivers of CO2 emission allowances are 

temperature (Alberola et al., 2008a; Hinterman, 2010), prices of fuel, crude oil, coal 

and natural gas (Alberola et al., 2008a; Hintermann, 2010; Kim and Koo, 2010; 

Hammoudeh et al., 2014c), macroeconomic variables, production structures change 
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and population growth (Chevalier, 2009; Conrad et al., 2012; Wang et al., 2013). 

Alternatively, other studies in carbon emission markets focus mainly on modelling 

the relationship between carbon emission spot and futures prices (see, for example, 

Uhrig-Homburg and Wagner, 2009; Joyeux and Milunovich, 2010; Chevallier, 2010; 

Rittler, 2012 and Gorenflo, 2013 among others). 

On the other hand, only a few papers have examined the time series properties 

of CO2 emission allowance prices using daily data (Paolella and Taschini, 2008; 

Seifert et al., 2008; Daskalakis et al., 2009; Benz and Trück, 2009; Conrad et al., 

2012; Hitzemann and Uhrig-Homburg, 2013 and Benschop and López, 2014). For 

example, Paolella and Taschine (2008), using a mixed-normal GARCH model with 

data from CO2 in Europe and SO2 in the US, with the findings  that their approaches 

are only valid for a very specific period at the end of Phase I. Alternatively, Sheifert 

et al. (2008) used a finite horizon, continuous-time, stochastic equilibrium model, 

obtaining that CO2 prices present a time and price-dependent volatility structure. 

Daskalakis et al. (2009) use three main markets for emission allowances under the 

EU ETS (namely Powernext, Nord Pool and ECX) to study the effects of abolishing 

banking on futures prices during Phase I, and to develop a framework for pricing and 

hedging of intra-phase and inter-phase futures and options on futures. Their empirical 

results suggest that emission allowance spot prices are likely to be characterized by 

jumps and non-stationarity. Benz and Trück (2009) also examine the spot price 

dynamics of CO2 emission allowances in the EU ETS and their findings support the 

adequacy of the models which capture characteristics such as skewness, excess 

kurtosis and in particular different phases of volatility behavior in the returns. Finally, 

in a recent study by Benschop and López (2014), a Markov Switching GARCH 

model is proposed on daily spot market data from the second trading period of the EU 
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ETS, concluding that the proposed model justifies very well the feature behaviour in 

spot prices (e.g., volatility clustering, breaks in the volatility process and heavy-tailed 

distributions). 

Our paper also uses daily data on CO2 emission allowance prices and extends 

the previous literature in two directions. Firstly, by using standard long memory and 

I(d) techniques, and then, by extending this approach to the case of structural breaks 

and non-linear deterministic trends. 

 

3. Methodology  

As mentioned earlier, we first employ standard I(d) techniques, and we estimate the 

fractional differencing parameter, d, in the following model, 

...,2,1t,ux)L1(,xty tt
d

t10t    (1) 

where yt is the observed series, β0 and β1 are the coefficients corresponding to an 

intercept and a linear time trend, and xt is assumed to be I(d), where d can take any real 

value. Therefore the error term, ut, is I(0). Here, we will employ two approaches. The 

first one is parametric and is based on the Whittle function in the frequency domain 

(Dahlhaus, 1989) assuming that the error term is first a white noise process, and then 

autocorrelated, with autoregressions, and also throughout the model of Bloomfield 

(1973). The latter is a non-parametric approach to approximate ARMA processes with a 

short number of parameters and that accommodates extremely well in the context of 

fractional integration.1 In addition, the Lagrange Multiplier (LM) method of Robinson 

(1994) will also be conducted. This method has the advantage that it can be 

implemented even in nonstationary contexts and thus, it does not require preliminary 

differencing in the case of nonstationary series. A semiparametric “local” Whittle 

                                                            
1  See Gil-Alana (2004). 
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method (Robinson, 1995), widely employed in empirical studies will also be 

implemented in the empirical section. 

The above specification in (1) imposes a linear time trend in the model that 

might be too restrictive in the context of carbon emissions. Thus, we also implement a 

new method proposed by Cuestas and Gil-Alana (2012) characterized for allowing the 

inclusion of non-linear trends by means of using Chebyshev polynomials in time. The 

model considered here is  

,...,2,1,)(
0

 


txtPy t

m

i
iTit     (2)     

with m indicating the order of the Chebyshev polynomial, and xt following an I(d) 

process of the same form as in equation (1). 

The Chebyshev polynomials Pi,T(t) in (2) are defined as: 

,1)(,0 tP T  

  ...,2,1;,...,2,1,/)5.0(cos2)(,  iTtTtitP Ti  .
 (3) 

(see Hamming (1973) and Smyth (1998) for a detailed description of these 

polynomials). Bierens (1997) uses them in the context of unit root testing. According to 

Bierens (1997) and Tomasevic et al. (2009), it is possible to approximate highly non-

linear trends with rather low degree polynomials. If m = 0 the model contains an 

intercept, if m = 1 it also includes a linear trend, and if m > 1 it becomes non-linear - 

the higher m is the less linear the approximated deterministic component becomes.  

An issue that immediately arises here is how to determine the optimal value of 

m. As argued in Cuestas and Gil-Alana (2012), if one combines (2) with the second 

equation in (1), standard t-statistics will remain valid with the error term being I(0) by 

definition. The choice of m will then depend on the significance of the Chebyshev 

coefficients. Note that the model then becomes linear and d can be parametrically 
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estimated or even tested as in Robinson (1994), Demetrescu et al. (2008) and others (see 

Cuestas and Gil-Alana, 2012). 

 Finally, in view of the existence of non-linearities in the data, we also conduct 

another approach proposed in Gil-Alana (2008) that permits us to consider fractional 

integration in the context of structural breaks at unknown periods of time. The model 

examined here is as follows: 

,nb,...,2,1i,T,...,2,1t;ux)L1(;xzy i
btt

d
tt

T
it

i         (4) 

where nb is the number of breaks, yt is once more the observed time series, the i's are 

the coefficients corresponding to the deterministic terms; the di’s are the orders of 

integration for each sub-sample, and the Tb
i’s correspond to the times of the unknown 

breaks. This specific functional form of this method can be found in Gil-Alana (2008). 

Note that given the difficulties in distinguishing between models with fractional orders 

of integration and those with broken deterministic trends (Diebold and Inoue, 2001; 

Granger and Hyng, 2004), it is important to consider estimation procedures that deal 

with fractional unit roots in the presence of broken deterministic terms. 

 
4. Empirical results 
 
Our sample covers daily data on CO2 emission allowance spot prices, covering the 

period from 28/2/2007 to 14/05/2014, with the start and end date being purely data-

driven. The data is sourced from Datastream of Thomson Reuters.  

The first thing we do in this section it to make plots of the time series and its log 

transformation. A downward trend is clearly observable, with possible structural breaks 

in the series. As we mentioned earlier, our selected sample period runs from 2007 to 

2014 and covers three trading periods from EU ETS. Macroeconomic variables are also 

likely to have an impact on our selected CO2 emission allowance prices. We observe 
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a positive trend in the first part of the sample period from 2007 and 2008 and a 

downward trend from 2008 to 2014 corresponding with the economic and financial 

crisis. 

[Insert Figure 1 about here] 

 We start by estimating d in Equation (1) under the three standard cases examined 

in the literature, i.e., the case of no deterministic terms (i.e., β0 = β1 = 0 a priori in 

Equation (1)); including an intercept (β0 unknown and β1 = 0 a priori), and with a linear 

time trend (β0 and β1 unknown), assuming that the error term ut is white noise, AR(1) 

and Bloomfield-type. The results in terms of the estimated values of d and the 95% 

confidence bands of the non-rejection values of d using Robinson’s (1994) method are 

reported in Table 1. 

[Insert Table 1 about here] 

The results indicate strong evidence of unit roots (i.e. d = 1) in the majority of 

the cases. A similar result is also found in Alberola et al. (2008b), Arouri et al. (2012) 

and Hammoudeh, Lahiani, Nguyen and Sousa (2014) who also obtain evidence of a unit 

root for CO2 emission allowance prices. Thus, for the original prices, this is the case in 

all the cases considered; however, for the logged prices, we observe some values which 

are statistically significantly below 1 though with values very close to 1. 

We also estimated the fractional differencing parameter using a semiparametric 

Whittle method. Here we use a “local” Whittle estimate in the frequency domain, based 

on a band of frequencies that degenerates to zero. This method (Robinson, 1995) is 

implicitly defined by: 

,log
m

1
d2)d(Clogminargd̂

m

1j
jd 












   (5) 
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where m is the bandwidth parameter, and I(j) is the periodogram of the time series. 

Under finiteness of the fourth moment and other mild conditions, Robinson (1995) 

proved that: 

,Tas)4/1,0(N)dd̂(m do   

where do is the true value of d and with the only additional requirement that m   

slower than T.2 

[Insert Table 2 and Figure 2 about here] 

The results, for different bandwidth numbers, are presented in Table 2, and the 

estimates of d are also displayed in Figure 2 for values of m (bandwidth) = 1, … 200. 

The results are very consistent with those reported in Table 1 with the parametric 

methods. Thus, the unit root is almost never rejected, and we only observe a few 

number of cases of mean reversion (d < 1) for the logged prices in Figure 2. 

In a recent study, Hammoudeh, Lahiani, Nguyen and Sousa (2014) consider 

non-linearities and asymmetries in CO2 allowance prices, taking into account that CO2 

allowance prices can be relatively high (low) during boom (recession) periods or when 

new low carbon technologies are slow in entering the market. Following this previous 

idea, we focus on the possibility of non-linearities in the data. For example, Benz and 

Trück (2009) show that CO2 emission allowance prices exhibit non-linear dynamics that 

can be modeled using Markov Switching models. In order to capture non-linearities, we 

use the procedure developed by Cuestas and Gil-Alana (2012) testing fractional 

integration with non-linear (Chebyshev) polynomials. The considered model is now: 

                                                            
2 Extensions of this approach can be found in Velasco (1999, 2003), Phillips and Shimotsu (2004) and 
Abadir et al. (2007) among many others. 
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where Pi,T(t) are the Chebyshev time polynomials as described in  Equation (3) and m = 

1, 2 and 3. As earlier mentioned, if m = 0 the model contains an intercept, if m = 1 it 

adds a linear trend, and if m > 1 the model becomes non-linear, and the higher m is the 

less linear the approximated deterministic component becomes. 

[Insert Table 3 about here] 

The results using this approach are presented in Table 3 and they are very 

similar to those reported in Table 1 for the linear case. Thus, we obtain evidence of unit 

roots in the original series, and the same for the logged prices though in this case we 

detect some cases with a small degree of mean reverting behaviour (d < 1). Though not 

reported, none of the coefficients for the (linear and/or nonlinear) deterministic terms 

were statistically significant, so we can conclude by saying that there is no evidence of 

non-linear deterministic components in the series examined. 

 We finally conduct the approach developed in Gil-Alana (2008) for testing I(d) 

processes with structural breaks. Time trends were found to be statistically insignificant, 

so in the case of structural breaks they correspond to mean shifts in the level of the 

series. Thus, the model examined is: 

)i(
tt

d
t

)i(
0t T...,2,1t,ux)L1(,xy

)i(
      (7) 

and i = 1, 2 and 3 (2 breaks, in the original prices) and i = 1, 2, 3 and 4 (3 breaks) in the 

logged prices. Results are reported in Table 4.3 

[Insert Table 4 and Figure 4 about here] 

Two breaks are detected in the original prices, and three in the logged 

transformed series. The detected structural break dates are 11/02/2009 and 12/12/2011 

                                                            
3 The number of breaks is endogenously determined by the model itself. 
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in the original series, and 16/02/2009, 12/12/2011 and 22/01/2013 in the logarithm 

form. Several features are detected here. First, we observe a reduction in the degree of 

integration when we move from one sample to another. This happens for the two series 

examined. Also, there is a reduction in the levels of the series at different subsamples as 

we move from one to another. With respect to the first of these two issues we notice a 

linear decrease in the degree of persistence as we move across the subsamples. For 

example, focusing on the log-transformed data with white noise disturbances, we 

observe that the estimated value of d is 1.06 for the first sub-sample; 1.00 for the second 

one; it decreases to 0.99 in the third, and 0.86 in the fourth sub-sample. This pattern is 

observed also in the unlogged series and for all types of disturbances. Especially 

noticeable is the fact that the unit root null is rejected in favour of mean reversion (i.e., d 

< 1) in the last sub-sample in all cases examined with the logged data, and also in the 

original data with autocorrelated disturbances. Thus, shocks become transitory in the 

last periods of the sample. In addition, Figure 3 shows a reduction in the levels of the 

CO2 emissions from one sub-sample to another. This is probably related to its pro-

cyclical behavior (e.g., CO2 tends to increase when the overall economy is also 

growing). 

 

5. Final conclusions 

This paper examines the time series dynamics of the CO2 emission allowance prices 

using daily data from 28/2/2007 to 14/05/2014. For this purpose we have employed 

long range dependence techniques based on fractional integration, including also an 

analysis of its stability across time. The results can be summarized as follows. First, we 

show that the original series as well as its log-transformation are both highly persistent, 

with orders of integration equal to or slightly smaller than 1. This result is obtained 
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using parametric, semiparametric and non-parametric techniques of fractional 

integration. Non-linear deterministic trends were also examined in this context, and 

using the methodology developed by Cuestas and Gil-Alana (2012) the series were also 

found to be I(1) but no evidence of non-linearities was found in the data. Finally, the 

possibility of structural breaks was also investigated and the results indicate the 

existence of two breaks in the original series and three breaks in the log-transformed 

data. In both cases, we observe a substantial reduction in the value of d suggesting that, 

if structural breaks are unaccounted for then we are likely to overestimate the degree of 

persistence in the CO2 allowance price, and also that the effect of shocks to the CO2 

allowance price have become more transitory in nature over time. 

The results obtained related to the high degree of persistence for the first 

subsamples suggest that in the event of negative exogenous shock, strong active climate 

and energy policies should be adopted to recover the original level of CO2. However, 

the degree of persistence obtained in the last subsamples (see Table 4) with values 

below 1 show that the level of CO2 does not need such active policies in this context to 

recover its original value when an event hits or shocks its value over time. 

Finally, according to the European Comission (2014), Member States of the 

European Union are on track to meet their Kyoto target and emissions will be 21% 

lower in 2020 than in 1990. However, the European Comission (2014) also considers 

that the European Union still needs to implement additional policies and measures to 

meet their 2020 national emission reduction target. Two potential factors could explain 

the recent relatively more transitory impact of CO2. First, the downward behavior of the 

CO2 emission allowances prices is in line with the financial crisis and the global 

recession that followed, which in turn could have weakened the relationship between 

CO2 and macroeconomic variables, such as the reduced GDP. Second, the introduction 
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of active energy and climate policies to meet Kyoto Protocol (and also EU 2020) and 

low carbon technologies is now enforced in most of the OECD economies and could 

also play a role also in the reduced degree of persistence. Further research is required to 

corroborate these conclusions. 



14 
 

 
References 
 
Abadir, K.M., Distaso, W. and Giraitis, L. (2007). Nonstationarity-extended local 
Whittle estimation, Journal of Econometrics, 141, 1353-1384. 
 
Alberola, E., Chevallier, J., and Chèze, B. (2007). European carbon prices fundamentals 
in 2005-2007: the effects of energy markets, temperatures and sectorial production. 
EconomiX Working Papers 2007-33, University of Paris West - Nanterre la Défense, 
EconomiX. 
 
Alberola, E., Chevallier, J., and Chèze, B. (2008a). The EU emissions trading scheme : 
The effects of industrial production and CO2 emissions on carbon prices. Open Access 
publications from UniversitéParis-Dauphine urn, Université Paris-Dauphine. 
 
Alberola, E., Chevallier, J., and Chèze, B. (2008b). Price drivers and structural breaks in 
European carbon prices 2005-2007. Energy Policy, 36, 787–797. 
 
Arouri, M., Jawadi, F. and  Nguyen, D.K. (2012). Nonlinearities in carbon spot-futures 
price relationships during Phase II of the EU ETS. EconomicModelling, 29, 884-892. 
 
Benz, E. and Trück, S. (2009). Modeling the price dynamics of CO2 emission 
allowances. Energy Economics, 31, 4–15. 
 
Benschop, T. and López, B. (2014).Volatility modelling of CO2 emission allowance 
spot prices with regime-switching GARCH models. SFB 649 Discussion Paper 2014-
050. 
 
Bierens, H.J. (1997). Testing the unit root with drift hypothesis against nonlinear trend 
stationarity with an application to the US price level and interest rate. Journal of 
Econometrics, 81, 29-64. 
 
Bloomfield, P. (1973). An exponential model in the spectrum of a scalar time series. 
Biometrika, 60, 217-226. 
 
Charles, A., Darné, O. and Fouilloux, J. (2013). Market efficiency in the European 
carbon markets.Energy Policy, 60, 785-792. 
 
Chevallier, J. (2009). Carbon futures and macroeconomic risk factors: A view from the 
EU ETS. Energy Economics, 31, 614–625. 
 
Chevallier, J. (2010). Modelling risk premia in CO2 allowances spot and futures prices. 
Economic Modelling, 27, 717-729. 
 
Chevallier, J. (2011a). A model of carbon price interactions with macroeconomic and 
energy dynamics. Energy Economics, 33, 1295-1312. 
 
Chevallier, J. (2011b). Evaluating the carbon-macroeconomy relationship: Evidence 
from threshold vector error-correction and Markov-switching VAR models. Economic 
Modelling, 28, 2634-2656. 



15 
 

 
Chevallier, J. (2012). Cointegration between carbon spot and futures prices: From linear 
to nonlinear modeling. Economics Bulletin, 32, 160-181. 
 
Conrad, C., Rittler, D., and Rotfuß, W. (2012). Modeling and explaining the dynamics 
of European Union allowance prices at high-frequency. Energy Economics, 34, 316-
326. 
 
Cuestas, J.C. and Gil-Alana, L.A. (2012). A non-linear approach with long range 
dependence based on Chebyshevpolynomials.Working Papers 2012-013, The 
University of Sheffield, Department of Economics. 
 
Daskalakis, G. and Markellos, R.N. (2008). Are the European carbon markets efficient? 
Review of FuturesMarkets, 17, 103-128. 
 
Daskalakis, G., Psychoyios, D., and Markellos, R. N. (2009). Modeling CO2 emission 
allowance prices and derivatives: Evidence from the European trading scheme. Journal 
of Banking and Finance, 33, 1230–1241. 
 
Demetrescu, M., V. Kuzin, and Hassler, U. (2008). Long memory testing in the time 
domain. Econometric Theory, 24, 176-215. 
 
Dahlhaus, R., (1989). Efficient parameter estimation for self-similar process. Annals of 
Statistics, 17, 1749-1766. 
 
Diebold, F.X. and Inoue, A. (2001). Long memory and regime switching. Journal of 
Econometrics, 105, 131-159. 
 
European Comission (2014). Progress towards achieving the Kyoto and EU 2020 
objectives. Web address European Comission. 
 
Gil-Alana, L.A. (2004). The use of the Bloomfield (1973) model as an approximation to 
ARMA processes in the context of fractional integration, Mathematical and Computer 
Modelling, 39, 429-436. 
 
Gil-Alana, L.A. (2008). Fractional integration and structural breaks at unknown periods 
of time. Journal of Time Series Analysis, 29, 163-185. 
 
Gorenflo, M. (2013). Futures price dynamics of CO2 emission allowances. Empirical 
Economics, 45, 1025-1047. 
 
Granger, C.W.J. and Hyung, N. (2004). Occasional structural breaks and long memory 
with an application to the S&P 500 absolute stock return. Journal of Empirical Finance, 
11, 399-421. 
 
Hamming, R. W. (1973). Numerical Methods for Scientists and Engineers, Dover. 
 
Hammoudeh, S., Nguyen, D.K. and Sousa, R.M. (2014a). What explain the short-term 
dynamics of the prices of CO2 emissions? Energy Economics, 46, 122-135. 
 



16 
 

Hammoudeh, S.,  Nguyen, D.K. and Sousa, R.M. (2014b). Energy prices and CO2 
emission allowance prices: A quantile regression approach. Energy Policy, 70, 201-206. 
 
Hammoudeh, S., Lahiani, A., Nguyen, D.K. and Sousa, R.M. (2014). Asymmetric and 
nonlinear pass through of energy prices to CO2 emission allowance prices. NIPE WP 
Series 5/2014. 
 
Hintermann, B. (2010). Allowance price drivers in the first phase of the EU ETS. 
Journal of Environmental Economics and Management, 59, 43-56. 
 
Hitzemann, S. and Uhrig-Homburg, M. (2013). Empirical performance of reduced-form 
models for emissionpermit prices.Discussion papers, Karlsruhe Institute of Technology 
(KIT) - Financial Engineering and Derivatives Department. 
 
Joyeux, R. and Milunovich, G. (2010). Testing market efficiency in the EU carbon 
futures market. Applied Financial Economics, 20, 803-809. 
 
Kim, H.S. and Koo, W.W. (2010). Factors affecting the carbon allowance market in the 
US. Energy Policy, 38, 1879-1884. 
 
Paolella, M. S. and Taschini, L. (2008). An econometric analysis of emission allowance 
prices. Journal of Banking and Finance, 3, 2022–2032. 
 
Phillips, P.C.B. and Shimotsu, K. (2004). Local Whittle estimation in nonstationary and 
unit root cases. Annals of Statistics, 32, 656-692. 
 
Rittler, D. (2012). Price discovery and volatility spillovers in the European Union 
emissions trading scheme: A high-frequency analysis. Journal of Banking and Finance, 
36, 774-785. 
 
Robinson, P.M. (1994). Efficient tests of nonstationary hypotheses. Journal of the 
American Statistical Association, 89, 1420-1437. 
 
Robinson, P.M. (1995). Gaussian semi-parametric estimation of long range dependence, 
Annals of Statistics, 23, 1630-1661. 
 
Seifert, J., Uhrig-Homburg, M., and Wagner, M. (2008). Dynamic behavior of CO2 spot 
prices. Journal of Environmental Economics and Management, 56, 180–194. 
 
Smyth, G.K. (1998). Polynomial Aproximation, John Wiley & Sons, Ltd, Chichester, 
1998. 
 
Tomasevic, N.M. and Stanivuk, T. (2009). Regression analysis and aproximation by 
means of Chebyshev polynomial. Informatologia, 42,166-172. 

 
Trück, S., Härdle, W., and Weron, R. (2012). The relationship between spot and futures 
CO2 emission allowance prices in the EU-ETS. HSC Research Reports HSC/12/02, 
Hugo Steinhaus Center, Wroclaw University of Technology. 
 



17 
 

Uhrig-Homburg, M. and Wagner, M. (2009). Futures price dynamics of CO2 emission 
allowances: An empirical analysis of the trial period. Journal of Derivatives, 17, 73-88. 
 
Velasco, C. (1999). Gaussian semiparametric estimation of nonstationary time series. 
Journal of Time Series Analysis, 20, 87-127. 
 

Velasco, C. (2003).Gaussian semi-parametric estimation of fractional 
cointegration.Journal of Time Series Analysis ,24, 345-378. 
 
Wang, Y., Zhao, H., Li, L., Liu, Z. and Liang, S. (2013). Carbon dioxide emission 
drivers for a typical metropolis using input output structural decomposition analysis. 
EnergyPolicy, 58, 312-318. 
 



18 
 

 
Figure 1:  Time series plots 
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Table 1: Estimated values of d and their corresponding 95% confidence bands 

a)   Original data 

 No regressors Anintercept A linear time trend 

White noise 1.01   (0.98,  1.03) 1.01   (0.98,  1.04) 1.01   (0.98,  1.04) 

AR (1) --- 0.98   (0.94,  1.02) 0.98   (0.94,  1.02) 

Bloomfield-type 0.98   (0.94,  1.02) 0.97   (0.93,  1.02) 0.97   (0.93,  1.02) 

a)   Log-transformed data 

 No regressors Anintercept A linear time trend 

White noise 0.99   (0.96,  1.03) 0.97   (0.93,  1.00) 0.97   (0.93,  1.00) 

AR (1) --- 0.92   (0.87,  0.96) 0.92   (0.87,  0.96) 

Bloomfield-type 0.98   (0.94,  1.03) 0.91   (0.87,  0.95) 0.90   (0.86,  0.97) 
In bold, evidence of unit roots at the 5% level. 
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Table 2:   Estimates of d based on a “local” Whittle semiparametric approach 

Bandwidth m Original Log 95% lower I(1) 95% upper I(1) 

(T)0.3 9 0.851 0.897 0.725 1.274 

(T)0.4 20 1.033 0.978 0.816 1.183 

(T)0.5 - 3 40 1.084 0.974 0.869 1.130 

(T)0.5 – 2 41 1.066 0.966 0.871 1.128 

(T)0.5 – 1 42 1.076 0.973 0.873 1.127 

(T)0.5 43 1.065 0.956 0.874 1.125 

(T)0.5 + 1 44 1.049 0.932 0.876 1.124 

(T)0.5 + 2 45 1.035 0.929 0.877 1,122 

(T)0.5 + 3 46 1.046 0.927 0.878 1,121 

(T)0.6 92 1.061 0.921 0.914 1.085 

(T)0.7 196 1.042 1.007 0.941 1.058 
In bold, evidence of unit roots at the 5% level. 
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Figure 2:   “local” Whittle estimates of d (Robinson, 1995) 
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The thick liens refer to the 95% confidence bands corresponding to the unit root case. 
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Table 3: Estimates of d and 95% confidence band with Cuestas and Gil-Alana 
(2009) approach 

i)   Original data 

 m = 1 m = 2 m = 3 

White noise 1.01   (0.98,  1.04) 1.01   (0.98,  1.04) 1.01   (0.98,  1.05) 

AR (1) 1.01   (0.99,  1.03) 1.01   (0.99,  1.03) 1.00   (0.98,  1.05) 

ii)   Log-transformed data 

 m = 1 m = 2 m = 3 

White noise 0.96   (0.93,  1.00) 0.96   (0.93,  1.00) 0.99   (0.93,  1.06) 

AR (1) 0.96   (0.94,  0.99) 0.96   (0.94,  0.99) 0.97   (0.93,  1.05) 
In bold, evidence of unit roots at the 5% level. 
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Table 4: Estimates of d based on Gil-Alana (2008) with structural breaks 

i)   Original data 

 1st subsample 2nd subsample 3rd subsample 

28/02/2007 
11/02/2009 

12/02/2009 
12/12/2011 

13/12/2011 
14/05/2014 

White noise 1.04  (0.98,  1.10) 1.00  (0.96,  1.05) 0.94  (0.89,  1.00) 

AR (1) 1.00  (0.93,  1.08) 0.97  (0.91,  1.05) 0.89  (0.80,  0.99) 

Bloomfield-type 0.99  (0.92,  1.08) 0.98  (0.91,  1.05) 0.89  (0.80,  0.99) 

ii)   Log-transformed data 

1st subsample 2nd subsample 3rd subsample 4thsubample 

 28/02/2007 
16/02/2009 

17/02/2009 
16/12/2011 

19/12/2011 
22/01/2013 

23/01/2013 
14/05/2014 

Wh. noise 1.06(1.01,1.12) 1.00(0.95,1.05) 0.99(0.91,1.10) 0.86(0.79, 0.96) 

AR (1) 1.03(0.97,1.10) 0.95(0.89,1.02) 0.91(0.67,1.12) 0.75(0.61, 0.89) 

Bloomfield 1.03(0.96,1.11) 0.94(0.88,1.02) 0.93(0.81,1.10) 0.74(0.63, 0.89) 

 
 



24 
 

 
Figure 3:   Time series plots and estimated trends 
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