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SELECTED PROBLEMS OF EMISSION
INVENTORIES - GEOSTATISTICAL PERSPECTIVE

27.1 INTRODUCTION

Gridded emission inventories are key inputs to air quality models [34]. Spatial pro-
blems connected with a compilation of air emission inventories are frequently related to
disaggregation [11, 27], or, in other words, an emission allocation [12]. Low-resolution
emission inventories are usually carried out using the top-down approach dedicated to
assess the estimates on the national or regional level [7] an then disaggregated, using
various statistics known as the proxy data, e.g. population, population density, national
fossil fuel consumption, indicators of the settlers’ affluence (GDP per capita), or satellite
observations of the phenomena such as: city lights intensity [24, 27, 38]. The disaggrega-
tion process makes possible to change the resolution of the emission inventory from the
coarse to desired national emission grid [15]. Moreover, the practice of emission invento-
rying enables to combine various proxy data to create the ‘optimal’ spatial distributions
of emission surrogates, related to unknown, but real spatial distributions of air emission
fluxes [23].

However, the usage of GIS technologies [2, 14] can considerably facilitate the
emission management process, including the possibility of estimate the high-resolution
spatial air emission distribution applicable as an input for urban air quality research and
policy [44]. Beside use of heterogenous emission surrogates allows to, obtain the uncer-
tainty of the emission allocation, which is hard to assess, in another way. This problem
usually causes various misinterpretations, e.g. impedes the perception of air emission
related risks or reduces an effectiveness of mitigation and adaptation measures related to
global change [37]. Using the geostatistical methods is applicable, and even awaited by
scientific community in this matter [15, 21].

Population data is one of the most applicable proxies for spatial allocation of emis-
sion estimates, however, in this paper we would like to present usefulness of spatial tech-
niques (such as indicator kriging) for the complex urban areas land cover (in particular
urban infrastructure spatial distribution). The geostatistical methods are also recommen-
ded for changing resolution of selected calculated air emission estimates [9]. This spatial
distribution is available as the product developed by the EEA [10]. The analysis is presen-
ted as the case study for the Katowice Urban Zone (KUZ), the central part of the Silesian
Agglomeration, situated in southern part of Poland.
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27.2 MATERIALS AND METHODS

The map density of urban development (called hereafter also as urban fabric, for
brevity) is obtained from the EEA’s Copernicus Land Monitoring Service [10]. For our
analysis, we used the compilation of continuous and discontinuous urban fabric, due to
complicated structure of urbanized areas in the KUZ. The study area showing density of
urban development is presented in Fig. 27.1.
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Fig. 27.1 Spatial distribution of urbanized areas density [km?2]
aggregated in 2km x 2km grid

Source: [12]

The hot-spot of the density of built areas is located in the central-north part of
analyzed region. Out of this area, the south of the region is more developed than the north
side. The density of urbanized is extremely skewed (Fig. 27.2a). For this reason we applied
in our analyses, the logarithmic (log10) transformation of density of urban development.
From purely theoretical point of view, the potential disadvantages of the logarithmic tran-
sformation are: the occurrence of the ‘edge effect’ [35], and in some cases, impossibility
of a back transforms application [36]. However, this kind of data transformation is widely
applied for skewed data in practice [26, 45].
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27.2.1 Spatial continuity analysis

For analysis of spatial continuity of the density of urban development, we applied
the variogram analysis [5, 17, 35, 43], as following:

ﬂh)zm(i,j)hzug(xi)—z(xi+h>]2 (27.1)

where: y(h) - semivariance for distance lag h;
h - distance [m];
N(h) - number of grid pairs within distance h;
Z(x;), Z(x, +h) - urbanized areas in points (grids) x, and x, +h.

We can also distinguish the nested variogram, which is linear combination of single
variograms [6]:

y(0)=y1(h)+ 7, ()+...+ 7, (h) (27.2)
27.2.2 Ordinary Kriging

Considering the built areas as point data focused in centroids of regular grid, the
estimated at point Z(x,) are weighted using surrounding data points according to spatial

covariance [5, 17, 35, 43]:
N N
Z(x,)=> 4z(x;) and > 4 =1 (27.3)
i=1 i=1

The Ordinary Kriging (OK) estimator is obtained by minimizing the variance over
A, Ay Ay using Lagrange multipliers method. That is:

ot = E{[Z(x)) - Z(x, )I'} (27.4)
Foko =70 (27.5)
where: Ay =(4,4,,....4,M) and vy =[y(X, —X) - Y Xy — %)’
y(x,—=x;) for i=12..,N,j=12..,N
I, = 1 for 1=N+1j=12..,N
0 for i=N+1 j=N+1

where: m is Lagrange multiplier, and matrix I'; is symmetric.

Minimized variance is called ‘kriging variance’:
N 1
GCZ)K (%) = ZﬂiV(Xi —X)+M = Ao, (27.6)
i=1

27.2.3 Indicator Kriging

Indicator Kriging (IK) is a geostatistical technique used to approximate the condi-
tional cumulative distribution function (ccdf) at each point of a grid based on the correla-
tion structure of indicator transformed data points [18]. It proceeds the same way as the
OK, but with the indicator random field I(x, z,) in place of Z; and y, ,(-) in place of (),

under the conditions of second stationarity:
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E[1(x,2)] = F(z)forallxe DandallzeR
var [I(x,z) - I(x+h,2)] = 2y,,(h,z)forallhand z e R,

(x2,) = 1 ifz>z, 27.7)
K710 otherwise. '

The IK depicts the probability of exceedance of the value z, [22].IKis also a favored

option for highly-skewed data sets, as it offers a practical way of treating the upper tail of
the distribution which does not depend entirely on an arbitrary upper cut value [13].

27.3 RESULTS AND DISCUSSION

27.3.1 Spatial continuity analysis

Some of obtained anisotropic semivariograms tend to increase which results in ne-
gative correlations between variable values, for big distance lags h. We say then about the
occurrence of the trend. There are three methods dedicated to dealing with the trend oc-
curring in the semivariogram: fitting the trend surface, use a linear or power semivario-
gram model, or analysis of the semivariogram in the most ‘trend-free’ direction [4]. Only
three from generated empirical models are trend-free, namely, the isotropic semivario-
gram (Fig. 27.3a) as well as semivariograms with anisotropy in the directions 6, =0° (Fig.

27.3b, down-left) and 6, =90° (Fig. 27.3b, up-left). The isotropic semivariogram was cho-

sen for the further analysis, as the most reliable, on account of the maximal number of
points taken into account.
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For the empirical isotropic semivariogram (Fig. 27.3a), using models: spherical
(27.8) and gaussian (27.9), we applied separately two nested structures. They are linear
combinations of three (Fig. 27.4a) and two (Fig. 1.4b) nested structures respectively.

e 3L by
y(h)=<""12a 2\a) | if h<a (27.8)

¢ otherwise

_ 2
y(h)= C[l—exp( ;’E‘ B (27.9)
where: h - distance [m];

a - (practical) range and

¢ - sill.

Detailed parameters of the fitted theoretical models are given in Tab. 27.1.

Tab. 27.1 Parameters of the fitted nested models

Sill Range
Structure Model s[(log,;m?)*] a [ngl] SSE
Nugget effect 0.02 0.000
1 Spherical 0.12 2.000
(Fig. 27.4a) Spherical 0.08 5.500 2455107
Gaussian 0.07 16.500
Nugget effect 0.09 0.000
(Fig. 57.4b) Spherical 0.13 5.214 2.686:10-9
Gaussian 0.09 19.339

Source: own elaboration

The theoretical model is chosen by comparison the SSE (sum of squared errors),
underlined in Tab. 27.1. Lower SSE value indicates the best fit [25].

Considered models for theoretical semivariograms are presented in the Fig. 27.4.
The nested structures are added for the empirical semivariogram and marked with a thick
line. Application of the nested models causes that the goodness of fit, expressed by the
SSE value, quickly reaches the saturation point [30]. Moreover, the combination of the
Gaussian and spherical model performs effectively over multiple lag distances [6].

However the guidelines does not suggest more than 2 variogram models incurpora-
ted in the nested structure [3], in our case the best fit consists of 3 variogram models (Fig.
27.4b).

27.3.2 Ordinary Kriging

OK is performed for the logarithmized (log10) density of urban development using
variogram model having the lowest SSE value. Apart from the estimation and variance, we
performed the cross validation of the results using the ‘leave-one-out’ (LOO) approach.
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The LOO technique estimates (OK) the value in place x0 using the data created by
removing the X0 from the original data set [1, 8, 16]. The result of the OK estimation and
cross validation is presented in the Fig. 27.5 and 27.6.
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Fig. 27.4 Empirical variogram of the logarithmized (log1o) density of urban
development and fitted models of the nested structures

Source: own elaboration, The same units as in Fig. 27.3

L, ==
n
"
o
g g i - [ ]
N |
o~
~ - 60 - -
'S - 020
- 55 -
. L 0.10
8 | m
- il n" 018
- 50 :
:I "o =™ o
: 1 ] |
g &
& |
=
o .
N
; ; . . ; T T T T T T
460000 480000 500000 520000

460000 480000

a) Estimation [log10 m?]

520000

b) OK’s variance [(log10 m?)2?]
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of urban development in the KUZ

Analysis of the estimated values (Fig. 27.5a) and the OK’s variance (Fig. 27.5b)
indicates two drawbacks of the logarithmic transformation: smoothing tendency (Fig.
27.5a), and the edge effect (Fig. 27.5b, on the rim of the region).
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Comparison the estimation (OK) performed for the complete data set (Fig. 27.5a)
with the cross validation (Fig. 27.6a), indicates that the assumed spatial model (Fig. 27.4b)

overestimates, primarily, lower values.
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Fig. 27.6 Kriged logarithmized density of urban development in the KUZ
Source: own elaboration

The z-score, presented in the Fig. 27.6b, is the spatial distribution of standardized
difference between the estimation (Fig. 27.5a) and the result of the cross validation (Fig.
27.6a) calculated using the OK’s standard deviation.

27.3.3 Indicator Kriging

The Indicator Kriging [42] is introduced to assess the probability of exceedance of
the particular percentiles of logarithmized built areas. For analysis are chosen percenTi-
les: 75th, 85th and 95th. Selected values are presented in Fig. 27.7a. Taking into conside-
ration the current trends in emission inventories elaborated for air quality modeling,
mainly emission mapping in 1km x 1km resolution [3, 29, 31, 33, 40, 46], we decided to
distinguish built area of 1km?2 which is 25% of the single grid area (see Fig. 27.1). Because
the value of 3rd quartile of logarithmized density of urban development is near to 6
(5.922), the analyzed initial percentiles are chosen basing on that value, as: 75th (5.92),
85th (6.04) and 95th (6.20) [log10 mZ2]. From all chosen percentiles the value of the 85th
one is the nearest to 6. Basing on that the final value is chosen.

Using the approach taking into account spatial continuity analysis, that is fitting the
theoretical variogram model to the empirical one, we found the spherical model, as the
most appropriate (Eq. 27.8). The fit is presented in Fig. 27.7b. Parameters of fitted theo-
retical model are: nugget effect, 0.08 [log10 m?]; range: a = 7,385.9 [m]; sill: s = 0.1398
[log10 m?]; SSE = 1.199-10-8. The results of IK performance is presented in Fig. 27.8. The
result of the IK’s performance for P{z(x) = 6.04} = 1, where z(x) is logarithmized (log10)
density of urban development is shown in the Fig. 27.8a. These areas coincide well with
the, scheme of the Silesian Heating System infrastructure derived from [28, 32].
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CONCLUSIONS

Our analysis presented in this paper applies a new approach to the spatial air emis-
sions, disaggregation based on geostatistical techniques, namely, ordinary and indicator
kriging combined with techniques of cross validation. The most important, practical find-
ing is the geostatistically based specification of the links between the characteristic of
built areas and the location of district heating infrastructure (Fig. 27.9).
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The application of elaborated methodology can significantly facilitate the air emis-
sion disaggregation and estimation from small and scattered, emitting sources such as,
e.g. domestic cooking or heating, which are considerably source of the ‘low emission’ [19,

20, 41].
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Fig. 27.9 The simplified scheme of the SHS infrastructure:
triangles, plants; lines, main heating arteries

Source: own elaboration

Occurrence of infrastructure (as district heating system) considerably changes the
emission split between the public power sector (power and energy plants) and small
domestic combustion. The dwellers supplied with the heat and hot water from the district
heating infrastructure do not use small, individual stoves. Due to this fact, the air emission
mapping for small sources should take into account big district heating systems.
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SELECTED PROBLEMS OF EMISSION INVENTORIES
- GEOSTATISTICAL PERSPECTIVE

Abstract: This paper presents approach that develops currently applied methodology for obtaining
spatial surrogates for spatial disaggregation of air emission inventories. Considered sector was small
residential combustion in the Katowice Urban Zone, situated in the southern part of Poland, due to
its importance in emission budget, also potential health threatening of the ‘low emission’
sector.Results presented in this paper use geostatistical techniques: ordinary and indicator kriging
to show dependence between spatial distribution of the urban density development (described by the
built areas) and distribution of the district heating infrastructure. Obtained results should be useful
for emission inventory compilers, for air quality modelers as well as policymakers.

Key words: air emission inventory, spatial disaggregation, spatial allocation, air emission mapping
geostatistics

WYBRANE PROBLEMY INWENTARYZAC]I EMIS]I
- PERSPEKTYWA GEOSTATYSTYCZNA

Streszczenie: Niniejszy artykut przedstawia wktad do rozwoju metodyki stosowanej do prze-
strzennego podziatu inwentaryzacji emisji z udziatem tzw. surogatow. Zastosowanie krigingu zwy-
ktego oraz wskaznikowego jest zaprezentowane dla rozktadu przestrzennego obszaréw zabudo-
wanych, ktéry jest surogatem emisji zanieczyszczen do powietrza z gospodarstw domowych. Gos-
podarstwa domowe sq waznym Zrédtem sprzyjajqgcym powstawaniu zjawiska tzw. ,niskiej emisji”
w Polsce. Wyniki przedstawiajqce zaleznos¢ przestrzennq pomiedzy rozktadem przestrzennym
obszaréw zabudowanych, a rozktadem infrastruktury Slgskiego Systemu Cieptowniczego. Mogq by¢
wykorzystane do przygotowania lokalnych inwentaryzacji emisji na potrzeby modelowania jakosci
powietrza, a takze dla rozwoju lokalnych polityk jakosci powietrza.

Stowa kluczowe: inwentaryzacje emisji, dezagregacja przestrzenna, rozktady przestrzenne,
geostatystyka
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