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ABSTTtACT. The paper addresses the problem of rcducing unccrtainty in nationał greenhouse 
gascs inventories. We ana1yze the annual rcports, containing data on GHG emission, from 
a given year and revisions of past data. These reports arc provi<le<l by nationaJ centres for 
reporting greenhouse gases inventories according to the UNFCCC. Our goal is to investigate 
how the uncertainty of inventory reports changes over the consecutive yearly revisions. This 
is dane by proposing a parametric model that describes the structure of uncertainties in the 
invcntorics. A proccdure for cstimating parameters is dcscribed and preliminary rcsults of 
fitting the model to the data from several EU countries are givcn. 
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1. INTRODUCTION 

According to the United Nations Framework Convention on Climate Change (UNFCCC) , each 
of the cosignatories is obliged to provide annual data on greenhouse gas inventory. Independent 
data on emission of greenhouse gases for various countries are also gathered by the Carbon 
Dioxide lnformation Analysis Center (CDIAC) , in Oak Ridge, USA. In botb cascs, each report 
contains data from a given year and revisions of past data, whenever required. Data for previous 
years are revised wben mare precise information is obtained. Thls means that revisions made 
in different years use different knowledge, and hence uncertainties in different revisions are 
incomparable. 

The question therefore arises, whether it is possible to compare and organize data on GHG 
emission, as well as model time evolution of inventory uncertainties, to get as much information 
as possible. The point is to estimate the uncertainty in national emission inventories, taking into 
account both the data revised in consecutive years1 and possible correlations between inventories 
for neighbouring countries. 

The article is a continuation of the considerations carried out in [9], where an attempt to 
analyze, how the uncertainty of inventory reports changes over the consecutive yearly revisions, 
was made. At the same time it is a reference to the results of [2], although the latter work 
presented an approach from a different point of view. 

Our studies, carried out so far in [9], enabled better understanding of the nature of the data 
and their interpretation in a way that allowed us to introduce an appropriate model. The 
earlier approach in which we considered only the linear relationshlp between the parameters of 
the model adopted and the years when the data were revised, did not prove to be sufficiently 
good. Also introducing the elements of nonlinearity, by using the square root did not help a 
lot. However, the analysis conducted and aur attempts to fit different parameters depending on 
the ycar of revision, gave a clue to improve the model. It was necessary to use severa! stages of 

1A preliminary methodology for this has already been proposed by Khrystyna Hama] (Boychuk) in her HASA 
lnteńm Report l2J. 



estimation, where the previous approach we uscd during the irutial estimation. We also had to 
reach for other tools, such as nonlinear regression or the AR model. In such a - revised form, 
the model is presented in this report and applied to the data. 

In Section 2 we explain the way of interpreting the data and introduce a parametric model, 
that describes the structure of uncertainties in the inventories. Section 3 describes a method for 
estimating parameters in this model. Section 4 contains the results of fitting the model to data 
from the national inventory reports for severa! EU countries. Summary and conclusions of the 
study are given in Section 5. 

2. PRESENTATION OF THE IDEA 

We analyze data from the national inventory reports. Let E;,, - denote the inventory data 
for the cour1try i, in the year n revised in the year y , and Jet Y - denote the last year, when the 
revision is made. For a given country i all the inventory data form a table, in which each row 
contains consecutive revisions of the data for a given year (see Table 1). 

e;;,. o o 

EY,i 1 EY,i EY}1 E?,i ą,;1 E~,i 

TABLE 1. lndexing the data. 

We use the fact that, each rcvision data, for a given country, forms a realization of a stochastic 
process. These stochastic processes for a fixed country are different, but related (see Figure 1). 
They form a bunch of stochastic processes. 
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FIGURE 1. Revisions of the data for Austria, made in 1999-2005; data from 
National lnventory Reports. 

For a given country i , we model any revision data to be composed of the "real" emission, which 
we call the "deterministic" fraction and a "stochas tic" fraction, related to our Jack of knowledge 



and imprccision of observation of the real emission. We a.ssume that the 1mcertainty is related 
to the stocha.stic part of the model. For simplicity assume that we work on absolute errors, i.e. 
that the stochastic part is expressed in the units of weight. Following the notation from [2], we 
can write 

Ev,, = Dy,; + S';,,, , S';,,, ~ N(O, ay,,), 

where E - stands for the emission inventory, D - for its deterministic fraction , S - for the 
stochastic fraction , and n - is the year, for which the revised data were reca.lculated. 

Now, the data revised in the year y < Y are modeled as having the same deterministic 
fraction. Thus they follow the same type of decomposition 

E;;,i = DY,i + s;;,i, 
where the means m;,, and the standard deviations a;,, arc of the form 

(1) m;,, = a,(Y - y), a;,,= ay,, + b, f(Y - y), b, i- O, 

and fis a given function , such that f(Y - y) > -'![;-. 
The parameters a, and b,, associated with the stochastic fraction B;;,,, can be estimated 

from the data together with ay,,. Parameter a, describes a shift in the accuracy of the inventory 
gathering, and b, - a shift of the precision level. They both depend on the difference between the 
revision year y and the most recent revision year Y, due to the learning. To find the deterministic 
fraction Dy ., the smoothing splines can be used, as presented in [8]. Th.is approach, when applied 
to the most •~ecently revised data Ey, will give not only the estimate of the detenninistic fraction, 

but also an estimate of the varianc~ <T},,. 

The proceduro for a given country i, can be presented in the algorithrnic way. 

1. For the most recently revised inventory data Ey, calculate the smoothing sp line Spy i 

and est i mate the variance a}, of the stochastic fraction Sy, · · 
2. Subtract the spline data Spy~ from all earlier revisions, cal~ulating differences 

v;, = E;, - Spy,, y < Y. ' 
3. E;tirnate' param~ters a, and b, , and hence also m;,, , and <T;,,. 

3. ESTIMATORS OF THE MODEL PARAMETERS 

In this section, we present a rnethod for estirnating parameters a, and b, in (3), for a fixed 
country. Fix i and Y , and consider differences v'j of the inventory data E;i ,i in the year n for 
n = 1, . .. , Nj , revised in the year Yj , j = 1, .. . , J, and the smoothing spline Spy built on the 
data frorn the ycar Y , v'j = B;;,i - Spy_,. For some years the difference v does not exist, due to 
Jack of revised inventories in this year. These years are skipped from the sequence of Nj data. 
Assume that 

(2) 

where 

(3) 

Assume also that differences (2) are independent. Our goal is to estimate the unknown para­
meters a, b, c, and <Ty. Estimate for the variance <T} is obtained wben creating the smoothing 
sp line Spy. Other parameters we cstimate in a three-step procedure. 

3.1. Estimation of scquences °'j and fJj- In the first step we assume that <Tj is an affine 
function of Y - yj, that is we take c = O. Thus , for a fixed j , consider differences v'j (2), taking 

(1) mj =aj (Y - Yj), 

(5) <Tj = ay + (Jj (Y - Yj), (Jj i- O, 
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where a;, /J; are pararneters , and oy is estimated whcn building the smoothing spline Spy. The 
likelihood fW1ction L(p), where p = (a; ,fl; ), has the form 

1 N [v7 -m;]2 
L(p) = ~=---IT'exp~-~-

(v'2,r)N;(a;)N; n= l 2(a;)2 

so its logarithm is given by 

N · 

InL(p) = -N;lnv'21r-N;ln"; - 2(:)2 t [v;'-m;j2, 
J n = l 

whcre N; is the number of differences v;• . Taking into acc01mt equations (4)-(5), we obtain the 
necessary optimality conditions of the form 

(6) 
y -yj Nj n 

(ay + fJ (Y -y ))2 L [v; - a;(Y - Y;) ] = O, 
J 1 n= ł 

(7) 
N; (Y - Yi) (Y - Yi) N; n 2 

ay + fi (Y - y ) + (ay + fi (Y - y ))3 L [v; - o:;(Y - Y;)] = O, 
J J J J n = l 

From equation (6) we have the estimator of o:; 

...._ 1 Ni n 

°'i = N (Y - ' ) L V;' 
J Y1 n :;:: l 

(8) 

and from equation (7) we get the estimator of /J;-

(9) 

h - 1 "'"""N; n w ere Vj = N'; L...,n= l vj . 

N ow, take a look at the estimator of the model parametcrs covariance matrix. U nder mild 
assumptions the maximum likelihood parameter estimators are asymptotically norma! and Wl­

biased, with the asymptotic covariance matrix 

__ [a2 1nL(p)] - 1 
r- E of>oV 

where naw pT = [&; ,6;] is the vector of the maximum likelihood parameter estimators. 

To !ind the estimator of the covariance matrix the Hessian matrix of the second derivatives 

[ 

&2 1n~(p) iJ2 1nL(p) ] 
82 In L(p) aa ilfl;ila; 

H = 8p8pT = 82 In Ł(p) iJ2 In L(p) 

~ ~ 

has to be calculated. Its entrics are given by 

82 lnL(p) (Y - Y;)2 

80:J (ay + fJ; (Y - y;))2 ' 

8 2 1nL(p) 8 2 1nL(p) 2(Y-1J;)(Y-y;) ~( n_ ·(Y- ·)) 
, r: , , , fJ , L.., v1 °'1 Y1 , 
/J,1;/JO:j /Jo:;/J j (r,y + fl; (Y -y;))'i n=l 

8 2 1nL(p) (Y-y;) 2 N; ( 3(v1 - o:; (Y-y;)) 2 ) 

&fJJ = (ny+ fJ; (Y - Y;))2?.; 1 - (r,y + fJ; (Y - Y;))2 . 



Naw inserting the maximum likelihood estimators we get 

82 lnL(p) 

aĘa&j 

82 In L(p) 

alJJ 

Observe that the element 8210 ~(p) may either be positive or negative, depending on the data. 
8/3; 

Jf it is positive, the Hessian matrix cannot be negative definite. Thus, the likelihood function 
may possibly have mare than one loca! maximum. 

3.2. Estimation of parameters b and c. Having estimated parameters /3j, j = 1, ... , J, we 
can cstimate b and c, as the parameters of the regression function given by 

(10) 

Since /3j > O, j 
following way 

/Jj: = -b(Y-yj)°, j = l, ... ,J, where b<O. 

1, ... , J , nonlincar model (10) can be convertcd into a linear one in the 

ln/Jj = ln(-b) + cln(Y -yi)­

Putting 

ff;:= ln/3j, b:= ln(-b), and, ff:; = lnyj, j = l, ... ,J, 

we get the linear model 

ff; = b + c-i/2-
Parameters b and c can naw be estimated using the Least Squares method. 

3.3. Estimation of parameter a. Estimates of c,j obtained in the first step show great volatil­
ity. To obtain smooth values the following third step is performed. Assume that the sequence 
aj , j = 1, ... , J is a first order autoregressive process of t he form 

(11) 
1 

aj - 1 = ifaj + Ej, 1a:1 < 1, a: i- o, 

where 

CYJ+I := 0, 

and Ej are independent random variables such that Ej ~ N(O, o-). 

Having obtained estimates of parameters aj, j = 1, ... , J, we can estimate the parameter a 
in the above AR model by the Least Squares method. Estimator of a then becomes 

a=~ a 



3.4. The algorithm. The estimation method described in Sections 3.1, 3.2 and 3.3 allows us to 
calculate mj and Uj, j = 1, ... , Jin the model (2)-(3). lt involves first conducting a preliminary 
estimation, in which we obtain sequences Oj and "iJj, and then using these sequences when 
estimating the parameters a, b, and c. This two-step procedure can be given in algorithrnic way. 

For a fixed country i, the algorithm can be stated as follows. 

Step 1. Estimate parameters aj and (Jj , j = 1, . . . , Jin the model (5) , using Maximum Likelihood 
estirnators (8) and (9). 

Step 2. Estimate parameter a in the AR model (11), using Oj, j = 1, . .. , J, obtained in Step 1. 

Step 3. Estimate parameters band c in tbe regression model (10) , using j]j, j = 1, ... , J, obtained 
in Step 1. 

4. PRELIMINARY ESTIMATION FOR SEVERAL EU COUNTRIES 

In this section we analyze data frmn the National Inventory Reports (NIR) 2. for a few EU 
countrics: Austria, Belgiurn, Denmark, Finland, United Kingdom, Ireland, and Sweden. 

4.1. NIR data for Austria. The data refers to C02 emissions in the years 1990 - 2005, and 
recalculations (revisions), performed every year, frorn 1999 to 2005. 

We start wjth building a smoothing spline Spy for the most recently revised data - from the 
year Y = 2005 (Figure 2). 
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FIGURE 2. Smoothing spline Spy for Y = 2005, Austria, o'y = 2065.5 

Then we calculate the differences v'/ , between the constructed spline Spy , and consecutive 
revisions of the data, carried out in 1999 - 2004. The results are shown in Figure 3. 

2According to United Natiom; Frarncwork Convcntion on Climatc Change (UNFCCC), eacl1 of the countrics 
which have signed the Convention, is obligcd to providc annua11y data on greenhousc gas inventories. 
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FIGURE 3. Differences v'j, 1999-2004, Austria 

We proceed according to the algorithm described in Section 3.4. First we estimate parameters 
a; and /J; , j = 1, .. . , J , in the model (5) , using formulas (8) and (9). The values estimated are 
depicted in Figure 4 and in Table 2. 

1 j 1 1999 1 2000 1 2001 1 2002 1 2003 1 2001 I mean std I 
&.j 36.25 -2. 72 260.81 102.24 330.49 -3.21 170.6 182.0 

/3 · -149.16 -190.50 -262.85 -335.12 -582.58 -1091.44 -435.8 357.l 
TABLE 2. Estimates of parameters o:; and /3; in the model (5); Austria. 

~ . 

o 

~ 
1999 2000 2001 2002 2003 2004 1999 2000 2001 2002 2003 2004 

yearj year_j 

FIGURE 4. Estimates of parameters a; and /3; in the model (5), Austria. 

Then we use P;, j = 1, ... , J, to estimate parameters band c of the model (3). Fitting the 
regression function (10) gives b = 1158.6 and c = -1.11, where R2 = 0.994, which indicates a 
good fit . Finally, we use a; , j = 1, ... , J and estimate parameter a in the AR. model (11). We 
get ii = 0.696, SO U = 1.44. 



Now, it remains only to calculate the values of m; and a;. The results obtained are prescntcd 
in Figure 5 and Ta bles 3a - 3b. 

I 1 I 1999 1 2000 2001 2002 1 2003 2001 1 parameters 

8.62 7.18 5. 74 4.31 2.87 1.44 ii = 1.44 
1119.33 1099.62 1074.95 1042.20 994.20 906.87 b = 1158.6, c = - 1.11 

TABLE 3a. Estimatcs of m1 and u1, model (3), Austria 

I Parameter I Estimate I Model fit 

a 1.44 a' = 43669 I 
b 1158.6 St.error= 0.056, t-test: p-value= 0.000000023, R' = 0.991 
C -1.11 St.error = 0.045, t-test: p-value= 0.0000152 

TABLE 3b. Est1mates of parameters a, b, and c, Austna. 

1999 2000 2001 2002 2003 2004 1999 2000 2001 2002 2003 2004 

yearj year_j 

FIGURE 5. Estimatcd valucs of m1 and u1 in the model (3), Austria. 

The results show elear decline of the imprecision level of inventories (their standard deviation) , 
and at the same time, practically constant and close to O accuracy of the inventory gathering 
(their mean value). 

4.2. NIR data for severa! EU countries. Now, we apply the same procedure to the National 
lnventory data for a few EU countries (Belgium, Demnark, Finland, Ireland, UK, and Sweden). 

The results obtained are presented below, in figures and ta bles (Figures 6 - 23 and Tables 4a -
9b). 



4.2.1. Belgium. 
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FTGURE 6. Smoothing spline Spy for Y = 2005, Belgium, o'y = 2400.12 
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j 2000 2001 2002 2003 2004 mean std 
O; -388.04 -480.5 -258.48 338.06 -52.45 -168.3 325.5 

{3j -29.54 -50.41 -93.19 -230.59 -404.29 -161.6 156.6 

ffij 10.09 8.07 6.05 4.04 2.02 a= 2.02 
Uj 2219.95 2192.08 2149.68 2074.86 1891.61 b = 508.52, c = -1.64 
TABLE 4a. Estlmates of parameters m the model {3), Belgmm 

I Parameter I Estimate I Model fit 

a 2.02 a = 115171 
b 508.52 St.error= 0.240, t-test: p-value= 0.000127, R = 0.95 
c -1.64 St.error = 0.216, t-test: p-vdhle= 0.004829 

TABLE 4b. Estimates of pararneters a, b, and c, Belb'1Ulll. 

4.2.2. Denmark. 
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FIGURE 9. Smoothing spline Spy for Y = 2005, Denmark, o'y = 4969.46 
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FIGURE 10. Estirnates of parameters a; and /3; in tbe model (5), Denmark. 
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FIGURE 11. Estimatcs of m 1 and a1 in the model (3), Dcnrna.rk. 

j 2000 2001 2002 2003 2004 rnean std 
aj -12.64 -21.32 -1.76 -560.9 -8.46 -121.0 246.0 

/3j -336.2 -459.6 -649.8 -1235.1 -2079.8 -952.1 718.5 

fflj 260.42 208.33 156.25 104.17 52.08 a= 52.08 

u-; 3170.81 3108.55 3025.10 2901.08 2670.49 b = 2298.98, c = -1.15 
TABLE 5a. Estimatcs of parametcrs in the model (3), Demnark. 

J Parameter I Estimate I Model fit 

a 52.08 a = 78778 
b 2298.98 St.error= 0.109, t-test: p-value= 0.0000061, R = 0.98 
c -1.15 St.error = 0.098, t-test: p-value= 0.00131 

TABLE 5h. Estimatcs of paramctcrs a, b, and c, Denrna.rk. 

4.2.3. Finland. 
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FIGURE 12. Smoothing splinc Spy for Y = 2005, Finland, ay = 2725.18 
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FIGURE 13. Estimatcs of paramctcrs c,1 and (31 in the model (5), Finland. 
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FIGURE 14. E.stimated valucs of m1 and a1 in the modcl(3), Finland. 

j 1999 2000 2001 2002 2003 2004 mean std 
Oj -768.21 -902.93 -1154.69 -1487.88 67.41 -57.67 -717.3 612.0 

/3i -189.17 -239.84 -303.95 -392.89 -549.09 -1268.7 -190.6 101.7 

mi 7.83 6.52 5.22 3.91 2.61 1.30 ii = 1.30 

<Tj 1566.31 1560.47 1553.28 1513.91 1530.66 1507.61 b = 1217.6, c = -1.03 
TABLE 6a. Estimatcs of parameters in the model (3), Finland. 

I Parameter I &timatc I Model fit 
a 1.30 a = 477797 
b 1217.6 St.error= 0.045, t-test: p-value= 0.00000001, R = 0.99 
C -1.03 St.error = 0.036, t-test: p-valuc= 0.000009 

TABLE 6b. Estimates of paramctcrs a, b, and c, Finland. 
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4.2.4. United Kingdom. 
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FIGURE 15. Smoothing spline Spy for Y = 2005, UK, ay = 8831.51 
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FIGURE 16. Estimates of parameters a; and fJ; in the model (5), UK. 
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FIGURE 17. Estimatcd v-alucs of m; and u; in the modcl(3), UK. 
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j 1999 2000 2001 2002 2003 2004 mean std 
ii; 1304.6 1373.9 1068.08 2026.57 265.03 -749.99 881.4 980.7 

f3; -189.99 -388.40 -322.32 -435.93 -497.76 -1227.35 -510.29 366.78 

m; 8.09 6.74 5.39 4.04 2.70 1.35 a= 1.35 

Uj 7423.16 7455.85 7494.82 7543.44 7608.99 7713.40 b = 1118.1, c = -0.87 
TABLE 7a. Est1mates of parameters m the model (3), UK. 

I Parameter I Estimate I Model fit 
a 1.35 " = 926521 
b 1118.1 St.error= 0.196, t-test: p-value= 0.0000036, R = 0.89 
c -0.87 St.error = 0.157, t-test: p-value= 0.00514 

TABLE 7b. Estimates of parameters a, b, and c, UK. 

4.2.5. Ireland. 
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FTGURE 18. Smoothing spline Spy for Y = 2005, Ircland, o'y = 586.64 
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FIGURE 19. Estimatcs of paramcters o:; and /3; in the model (5), Treland. 
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FIGURE 20. Estimated valucs of m1 and a1 in the rnodel(3), Ireland. 

j 1999 2000 2001 2002 2003 2004 mean std 
O.j 137.62 184.75 153.63 196.57 297.97 488.20 243.12 132. 50 
/3 · -44.27 -53.13 -74.87 -99.22 -153.63 -302.99 -121.35 97.2 

1n1 8.82 7.35 5.88 4.41 2.94 1.47 a = 1.47 
o-1 312.39 308.54 303.74 297.44 288.32 272.06 b = 314.6, c = - 1.07 
TABLE 8a. Estinrntcs of paramctcrs in the model (3), Ireland. 

I Parameter I Estirnate I 
a 1.47 
b 
C 

314.6 
-1.07 

Model fit 

fl = 1636 
St.error= 0.041, t-test: p-value= 0.000000016, R = 0.99 

St.error = 0.032, t-test: p-value= 0.0000052 
TABLE 8b. Estimates of pararnetcrs a, b, and c, Ireland. 

4.2.6. Sweden. 
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FIG URE 21. Smoothing splinc Spy for Y = 2005, Swcdcn, o'y = 1503.6 
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FIGURE 22. Estimatcs of paramcters a; and /3; in the model (3), Sweden. 
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FIGURE 23. Estimatcd valucs of m; and a; in the mode1(3), Sweden. 

j 1999 2000 2001 2002 2003 2004 mcan std 
&j -0.57 -40.26 -138.29 202.80 154.98 -17.82 26.81 127.98 

/3; - 9.85 -33.78 -49.82 -178.15 -260.36 -609.44 -190.23 226.95 

m; 83.22 69.35 55.48 41.61 27.74 13.87 fi = 13.87 
<Tj 689.36 665.64 635.67 595.44 535.55 423.88 b = 1079.7, c = - 1.16 
TABLE 9a. Est1matcs of paramctcrs m the model (3), Sweden. 

I Parameter I Estimate I Model fit 

a 13.87 a' = 17089 I 
b 1079.7 St.error= 0.472, t-test: p-value= 0.000129, R" = 0.861 

I C -1.16 St.error = 0.375, t-test: p-value= 0.000454 
TABLE 9b. Est1mates of paramcters a, b, and c, Swcdcn. 
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5. CONCLUSIONS 

In this report an idea of a model describing the learning process in evaluation of the national 
emissions is presented. Preliminary calculations for data from severa! countries and a discussion 
on choice of the model have been clone. 

This report improves the results presented in [9] - a new, more generał model is presented 
and much better fit is obtained. The results are compiled in Figures 24 and 25. 
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FTGURE 24. Estirnated vJ.iues of m 1 in the model (3) for severa! EU countries. 

It can be observed that the estimates of the mean values iii; are changing very little and 
are practically negligible, even in the case of Denmark and Swcden, for which they take bigger 
v-alues3. Although the estimates of 6; are rather volatile, they are stili relatively small. 

When it comes to standard deviations &; , one can notice that they rather decrease in time 
(except for the United Kingdom and Finland where the sequence &; is slightly increasing). But 
it can also be been seen that, their absolute values differ considerably among countries (Figure 
25). The greatest values of&; there are for the United Kingdom, the smaUest - for Ireland. 
However, the situation looks different when the relative values 

aj 
Sp/ 

whcre j E {1999,2000, 2001,2002, 2003,2004} 

are considered instead (Figure 26). Thesc latter values are not greater than a few percent (see 
Table 10 for details), and the order of the countries in the figurc has changed. 

3In the ca.se of Dcnmark, the va1ucs of iiii arc bctwcen 260.42 and 52.08 (see Table 5a), and in the case of 
Sweden - between 83.22 and 13.87 (see Table 9a). 
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FIGURE 25. Estimated values of a; in the model (3) for severa! EU countries. 
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FTGURE 26. Relativc V'diues ii;;- for severa! EU countries. 

18 



I Country\ Year I 1999 I 2000 2001 2002 2003 2004 

Austria 0.017 0.016 0.015 0.014 0.013 0.012 
Belgilllil - 0.018 O.Ol 75 O.Ol 71 0.0166 0.015 
Denmark - 0.058 0.057 0.054 0.051 0.049 
Finland 0.0268 0.0266 0.0251 0.0230 0.0217 0.0221 

UK 0.0135 0.0136 0.01363 0.01368 0.0137 0.0138 
Ireland 0.0073 0.0068 0.006452 0.00645 0.00638 0.00595 
Sweden 0.0125 0.01229 0.0116 0.0108 0.0096 0.0077 

TABLE IO. Rclative valucs ~ for severa! EU countrics. 

It is worth mentioning that we conducted the analysis for the NIR data from those countries, 
which, in accordance with agreements signed, prepared the National lnventory Reports on GHG 
emissions for nearly twenty years, and where revisions were made frequently. 

In the continuation of the project , fitting NIR data for other countries wrn be attempted, 
with smaller nlllilber of data. Anothcr direction m.ight be calculation for other databases, like 
provided by CDIAC, IEA, EIA or EDGAR sources. The main problem in using the data from 
thcse databases arc the discrepancies in the values , due to different methodologies of calculating 
emissions, see l4, 5J. 
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