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Abstract

Particulate matter (PM) air pollution is a challenge that is endangering the environment and human health
in Africa. Most countries in Africa are poor, hence monitoring of PM-related aspects is a challenge. Clustering
of aspects of PM can ease the burden. In this paper, time series (TS) of PM of less than 10 microns (PM,,) for
51 African countries are clustered. The data are represented in functional form and complete-linkage hierarchical
clustering algorithm is used to cluster the coefficients of the functional data, thereby clustering the original TS. The
functional form has the advantage of looking at the trajectories as a whole. 2 clusters are extracted from the data.
2014 Cross-sectional data of PM of less than 2.5 microns (PM, ) for African countries are also clustered and 3
clusters are obtained. Adjusted Rand Index (ARI) computed for clusters resulting from the two data sets is 0.588,
indicating some agreement on the clusters resulting from the two data sets.

Keywords: Human health; Gaseous pollutants; Air pollution;
Atmosphere

Introduction

Particulate matter (PM) refers to particles that are suspended in the
atmosphere [1]. These particles are of different types and sizes (some
being visible to the eye while some being microscopic). It is composed
of both solids and liquids. Researchers’ interest in PM-related studies
increased only in the 1980s with at least 1500 research papers being
produced each year [2]. This is due to the effects that PM has to the
quality of air, which in turn affects human health and the environment.
PM is a pollutant of air [2,3].

PM of less than 10 microns (PM,) refers to particles of diameter
less than 10 um [3]. PM,, is referred to as fine PM. It (PM) includes
particles with diameter less than 2.5 um [3,4]. Fine PM, especially
that with diameter less than 0.1 um, can remain in the atmosphere
for several days [1]. PM constitutes physical, chemical and biological
particles [1]. These include, for example, products of combustion such
as ashes, dust blown by wind, droplets of liquids, fragments of living
things and extremely small living organisms, sulfates, nitrates and
ammonium [3].

Where do these particles suspended in the atmosphere come from?
The particles are introduced in the air through human activities and
natural ways [2]. These particles are either directly emitted into the
air (primary particles) or they are formed in the air through chemical
reactions of gaseous pollutants (secondary particles) [1,3]. Some of the
sources of primary particles are solid fuel combustion, combustion
engines, agricultural activities, sea-salt spray, and industrial activities
such as building, mining, manufacture of cement, ceramic and bricks,
and smelting [1-3,5]. Other constituents of PM are formed in the
atmosphere (through chemical reactions) from, for example, sulfur
dioxide, oxides of nitrogen, ammonia and non-methane volatile
organic compounds [1,2,]. Other constituents of PM are extremely
small living organisms, and fragments of living things [6].

PM air pollution has health effects which can be due to short-term or
long-term exposure. Our respiratory system cannot filter out particles
of less than 10 microns (PM, ) [1,3,7]. PM air pollution is likely to cause
coughing, wheezing, and overall decreased lung function [3]. Thus it
(PM air pollution) can lead to increase in hospital admissions which
in turn results into a lot of resources being required for treatment. It

can also lead to mortality from cardiovascular and respiratory diseases,
and lung cancer [1]. PM air pollution makes susceptible groups such as
the elderly, children, and those with pre-existing lung or heart disease
vulnerable [1,3].

Apart from health effects, PM air pollution has environmental
effects such as impaired visibility and acid decomposition [4,7]. Acid
rain has effects on the water and land ecosystems. Thus acid rain is
likely to endanger biodiversity. PM in the atmosphere is capable of
absorbing and scattering solar radiation, hence influencing the climate
[7]. Jimoda [7] further says PM also leads to global forcing.

Given times series (TS) of PM for different areas, there is a
possibility that some of the areas may have their particulate matter TS
behaving similarly. With the TS behaving similarly, we can cluster the
locations. Clustering reduces costs of monitoring the locations. Instead
of monitoring all the locations, representative areas can be selected
from each cluster. Studies can also be carried out on selected locations
which are a representative sample. The results can be applied to
locations which have similar patterns as those in the sample. Scott et al.
[8] applies, develops and compares two methods for clustering TS. The
two methods are applied to Total Organic Carbon data from river sites
in Scotland. One of the methods used involves viewing the TS under
consideration as functional data and uses hierarchical clustering, and
the second approach uses state-space model in clustering the TS [8].
Finazzi et al. [9] compares two approaches of clustering TS. One of the
methods is a modification of the classic state-space modelling approach
while the other method is based on functional clustering. Finazzi et al.
[9] applies the two methods to lake surface water temperature for 256
lakes globally for the purpose of comparing their performance. For the
functional approach of clustering, Finazzi et al. [9] uses both k-means
and complete-linkage hierarchical clustering algorithms.
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This paper intends to cluster TS of PM,  for African countries. With
the possibility that the levels of PM, j might follow similar patterns for
some countries, exploring clusters to which these countries are likely
to belong based on the patterns that their TS of PM, follow is of
significance (as indicated in the next paragraph). The TS data of PM
is somewhat not (very) recent (observations are from 1990 to 2006),
hence 2014 Cross-sectional data of PM, , for African countries will also
be clustered.

Africa is poor (many countries in Africa are poor) [10]. It is a
challenge to these countries to keep tract of all aspects related to PM air
pollution. Clustering TS of PM,  for these countries will ensure efficient
and effective use of resources. When a PM-air-pollution-related study
is to be conducted, instead of conducting the study on all the countries,
representative sample countries can be selected from each cluster
for the study. Monitoring of levels of PM can also be done only on
representative sample countries. Countries can simply consider results
obtained from another country in a given study related to PM air
pollution without carrying out a similar full scale study.

The next section, Section 2, provides descriptions of the data sets
that are considered in this paper. Section 3 looks at the tools that are

employed in the analysis. In Section 4, tools described in Section 3
are used to carry out the analysis. Discussion of the results is done in
Section 5. A general reflection on the work is given in Section 6.

Data description

Data that are being considered in this paper, which are provided
by United Nations Environment Programme [11], are levels of
concentration of PM,  in African countries in the period between 1990
and 2006. These are annual concentrations at national level (annual
exposure levels of an average urban resident to outdoor PM). These
concentration levels are obtained from residential areas of cities with
more than 100,000 residents. They (concentration levels) are estimates
obtained using the Global Model of Ambient Particulates (GMAPS).
Each national concentration level is an average of concentration levels
in the cities. The data (and the data set described below) are in ug/m?’.
There are 17 time points being considered. In the analysis, Cabo Verde,
Seychelles and South Sudan are not considered because they do not
have observations. We are considering 51 countries. Figure 1 gives the
locations being considered.

The data from United Nations Environment Programme [11] are
not (very) recent, hence in the analysis, we will also consider 2014
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cross-sectional data of annual mean concentration levels of PM of
less than 2.5 microns of diameter (PM, ) in urban areas (provided by
World Health Organisation [12]). The observations are for Africa only.
The data set does not have observations for Cabo Verde and Sao Tome.
The observation for Seychelles has been removed (observations for this
country are not available in the former data set) while that of South
Sudan (there are no observations for this country in the other data set)
will be used. The aim is to have the same number of countries in the two
data sets in order to be able to check the extent to which clusters from
the two data sets agree (method used requires so).

Methodology

The data set has multiple TS. The focus is on clustering the TS
as they are (without standardizing the TS). Since TS will not be
standardized, functional clustering is an appropriate approach for
clustering [9]. Multiple TS will be represented in functional form, thus
having an advantage of looking at the trajectories as a whole. Finazzi
et al. [9] in comparing clustering algorithms, k-means and Complete-
linkage hierarchical, finds out that both algorithms produce almost the
same results in clustering multiple TS. Complete-linkage hierarchical
algorithm will be used to cluster the TS that will be in functional form.
To determine the number of clusters, dendrogram (dendogram)
will be used. Validation of the results will be done using Silhouette.
The statistical package R (the libraries fda, cluster, RColorBrewer,
rworldmap and clues) will be used in the analysis. The functions to be
used are read.csv, nrow, ncol, rep, plot, lines, matrix, paste, par, abline,
points, cbind, apply, data.frame, if, for, inprod, rainbow, create.bspline.
basis, fdPar, smooth.basis, daisy, hclust, silhouette, cutree, brewer.pal,
join CountryData2Map, mapCountryData and adjustedRand.

Functional representation

The data we have are TS of continuous data. The data can be
approached as functional data [13]. Each TS can be written in functional
form [13,14]. Thus

yijzxi(tij)+ €, (1)
¥, is the observation in the ith TS at time j; x(,) is the observation
in the ith smooth curve at time j; and €, is an independent random

error for the ith curve at time j.

Each smooth curve x(t) is a linear combination of basis functions
[13]. Thus

5 ()= 4,8,(0) @

BB, is a vector of coefficients and B(t) = (B,(t), B,(t), ..., B(t)) is a set
of basis functions.

In smoothing the curves, the total curvature will be penalised.
Generalised cross validation (GCV) will be used to choose the
smoothing parameter. The interest is in the value of the smoothing
parameter that minimizes the GCV (the value that minimizes the sum
of predicted squared errors) [15].

GCV(X _ Z(Yi-xk(ti))z 3)
[trace(I-S(k))J2 ’

where S is the smoothing matrix, and x,(t,) are predicted values for
a given value of A.

Complete-linkage hierarchical algorithm

Complete-linkage hierarchical algorithm will be applied to the

vectors of the coefficients f3i as presented by Finazzi et al. [9] and Scott
etal. [8]. By clustering the vectors of the coefficients, the corresponding
TS will be clustered. In using this algorithm, there is no need to specify
the number of clusters in advance [16,17]. The algorithm starts by
assigning all elements to their own clusters. Then distances between
the clusters are calculated. Clusters with smallest distance between are
merged into one. The calculation of distances and the merging is done
until there is only one cluster [18,19].

The distance between the ith and jth curves, whose vectors of
coeflicients are i and f3j

respectively, is given by
dij: (ﬁi-ﬂj)TW (ﬁi-ﬁ]’) 4)
where W = [ B(t) B(¢)" dt is a square matrix [8].

With complete linkage, the distance between two clusters is
considered to be the maximum distance of distances of all possible
pairs of elements from the two clusters (the elements of each pair are
not from the same cluster) [15,16]. Thus the distance between clusters
C, and C,, with elements ¢, and c, respectively, is

D(C,C)=max{d(c,c,):c,eC,c,eC} (5)
Determining the number of clusters

To determine the number of clusters, the dendrogram will be
used [20]. This is a tree structure that allows the visualisation of the
structure of the data in terms of clustering (it allows the visualisation of
the merging of clusters). It is used in making decision on the possible
number of clusters available in the data. A large gap between joints far
up in the tree provides an evidence that the procedure started merging
clusters that are far apart (merging incorrectly).

Cross-sectional data (raw data) from World Health Organisation
[12] will be clustered using complete-linkage hierarchical algorithm.

Cluster validation

To validate the clusters the Silhouette will be used. This is a
graphical method that shows how well a member of a cluster fits
in the cluster [21]. The silhouette ranges from -1 to 1, where a high
value indicates that a member is well matched to its own cluster than
neighboring clusters [21,22].

For a given cluster C with j = 1,..., k where k is the number of
clusters, the Silhouette value of the ith sample of the cluster C, is given

by
b(i) —ali
5, = _b(i)-ali) 6)
max{a(i),b(i)}
where a(i) is the average distance between the ith and all samples
in C and b(i) is the minimum average distance between ith sample of
C and any other cluster to which ith sample is not a member [23,24].

Adjusted Rand Index (ARI) will be used to determine the agreement
between clusters from the two data sets [25,26].

Analysis

The data are TS of PM, for 51 African countries. There are 17
observations for each country. The observations are continuous. Figure
2 shows plots of concentration levels of PM  for 51 countries over a
period of 17 years from 1990 to 2006.

Looking at Figure 2, though the levels of concentration increase at
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Figure 2: Time plot of concentration levels of PM, for African countries.
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Figure 3: Plots of GCV and degrees of freedom for different values of log (1). 3a) Plot of values of GCV. 3b) Plot of values of degrees of freedom.

one time and decrease at another, they do not display a cyclic pattern.
Some of the TS are almost linear (mostly countries with low levels of

smoothing parameter that minimizes the GCV as depicted in Figure
3a. The equivalent number of degrees of freedom used is approximately

concentration). The data are irregular; hence the smoothing will be
done using b-splines. There are 17 points, and 19 basis functions will
be used (thus fitting saturated b-splines). Then the total curvature is
penalised, with the smoothing parameter A=10"". 10! is the value of the

10.81, as shown in Figure 3b. (Since the total curvature is being
penalised, it is required that the degree of basis functions should be
atleast 4, and in this case 5 is used as the degree.) Figure 4 gives the plot
of the smoothed functions/curves of the PM,  data.
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There seems to be some resemblances and dissimilarities among
the curves. Complete-linkage hierarchical algorithm is then applied on
the vectors of the coefficients of the smoothed curves, and by doing so
the original TS are clustered. The dendrogram represented in Figure 5
provides the visualization of the data and the possible clusters available.
Large gaps (dissimilarities) are noticed to appear starting at a height
of around 600 (then 600 is considered to be the cut-off). The cut-off
chosen provides two clusters.

Figure 6 gives the smoothed curves of the concentration levels of
PM,, after clustering. The thick lines are means for the clusters while
the thick dashed lines are the +2 standard errors. Figure 7 depicts the
clusters to which countries belong. The Silhouette given in Figure 8
shows how well countries are matched to their clusters.

Applying  complete-linkage  hierarchical  algorithm  on
concentration levels of PM, (2014 cross-sectional data provided by
World Health Organisation [12]) results in the merging of clusters
(the structure of data) depicted in Figure 9. The gaps appear to be large
after a height of 60. 60 is the cut-off. The procedure suggests that the
number of optimal clusters is three. Figure 10 depicts the clusters to
which countries belong [27]. Figure 11 shows how well the countries
are matched to their clusters. The ARI computed for clusters resulting
from the two data sets is 0.588.

Results and Discussion

Looking at Figures 2 and 4, it is observed that some of the TS are

not very different, especially those of countries with low concentration
levels of PM, . Two clusters have been extracted. One of the clusters
contains 5 countries, which are Chad, Egypt, Mali, Nigeria and Sudan.
The other cluster contains 46 countries namely Algeria, Angola,
Benin, Botswana, Burkina Faso, Burundi, Cameroon, Central African
Republic, Comoros, Congo, Cote d’Voire, Democratic Republic of
Congo, Djibouti, Equatorial Guinea, Eritrea, Ethiopia, Gabon, Gambia,
Ghana, Guinea, Guinea-Bissau, Kenya, Lesotho, Liberia, Libya,
Madagascar, Malawi, Mauritania, Mauritius, Morocco, Mozambique,
Namibia, Nigeria, Rwanda, Sao Tome and Principe, Senegal, Sierra
Leone, Somalia, South Africa, Swaziland, Togo, Tunisia, Uganda,
United Republic of Tanzania, Zambia and Zimbabwe. The Silhouette
provided in Figure 8 indicates that most of the countries are well
matched with their clusters (in terms of PM, ). The average Silhouette
width is given as 6.8. 6.8 is the largest average Silhouette width obtained
after checking the average Silhouette widths of clusterings that have
different number of clusters. Thus 2 clusters are well separated. Figures
2 and 4 show that levels of concentration of PM, had been decreasing,
The decrease can easily be noticed in countries with high levels of
concentration. Thus the TS had been coming together in years towards
2006, hence many TS belonging to the same cluster. This may be one of
the reasons leading to only two clusters being extracted.

The second data set considered in this paper is of PM, . Three
clusters have been extracted from the data. One of the clusters has 3
countries, namely Egypt, Mauritania and Uganda. Another cluster
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Figure 7: Map of Africa showing the clusters of concentration levels of PM, .
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Figure 8: Graph of Silhouette for clustering of PM,  data.
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has 34 countries which are Algeria, Benin, Botswana, Burkina Faso,
Comoros, Cote d’Voire, Equatorial Guinea, Eritrea, Ethiopia, Gabon,
Ghana, Guinea, Guinea-Bissau, Kenya, Lesotho, Liberia, Madagascar,
Malawi, Mali, Mauritius, Morocco, Mozambique,

Namibia, Nigeria, Sierra Leone, Somalia, South Africa, South
Sudan, Swaziland, Togo, Tunisia, United Republic of Tanzania,
Zambia and Zimbabwe. The third cluster contains 14 countries and
these are Angola, Burundi, Cameroon, Central African Republic, Chad,
Congo, Democratic Republic of the Congo, Djibouti, Gambia, Libya,
Niger, Rwanda, Senegal and Sudan. Silhouette provided in Figure 11
indicates that many countries are well matched to their clusters. The
average Silhouette width obtained is 6.1. 6.1 is the maximum average
Silhouette width obtained after checking the average Silhouette widths
of clusterings that have different number of clusters. Thus 3 clusters are
well separated.

As observed in Section 4, levels of concentration of both PM
and PM, , for some African countries are similar (2 clusters have been
extracted from the PM, data and 3 from PM, _ data). The similarities
can be as a result of a variety of factors (it can be a mixture of factors).
Geographical locations of countries may be considered as one of the
factors affecting concentration levels of PM. In deserts, dust can be
blown into the atmosphere over long distances [28]. Countries such as

Chad, Egypt, Mali and Sudan which belong to the same cluster, with
regard to PM,  data, are located in the Sahara desert. For PM, , data we
have Egypt and Mauritania belonging to the same cluster and they are
both in the Sahara desert. Geographical location can be considered to
be contributing to similarities in levels of PM air pollution in countries.

Considering the work of Aghedo [20] in which the influence of
biomass burning, biogenic, lighting and anthropogenic emissions on
the troposphere ozone over Africa and globally is investigated using
a coupled global chemistry climate model (ECHAM5-MOZ), it is
observed that there are similarities in the sources of PM air pollution
in a number of regions. Figures 12-14 show the influence of African
biomass burning, biogenic and anthropogenic emissions, respectively,
on the troposphere ozone. There are likely to be many factors that
influence levels of PM air pollution.

Just like similarities have factors effecting, dissimilarities too have
factors influencing them. The differences in clusters to which countries
belong in terms of PM air pollution may be due to differences in the
influence of factors ranging from geographical location to population
density. Countries with much industrial activities are likely to have
such activities having a bigger influence on concentration levels of PM
than in countries with less of such activities.
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Figure 12: The influence of African biomass burning on 5-year DJF (December-February) and JJA (June-August) average of the surface ozone concentrations. The
figures show the difference between the reference experiment and the experiment where biomass burning emissions are excluded: Adapted from [20].
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Figure 13: The influence of African biogenic emissions on 5-year DJF (December-February) and JJA (June-August) average of the surface ozone concentrations. The
figures show the difference between the reference experiment and the experiment where biogenic emissions are excluded: Adapted from [20].
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Figure 14: The influence of African anthropogenic emissions on 5-year DJF (December-February) and JJA (June-August) average of surface ozone concentrations.
The figures show the difference between the reference experiment and the experiment where anthropogenic emissions are excluded: Adapted from [20].

The ARI computed for clusters resulting from the two data sets is
0.588. Thus there are some similarities in terms of members (countries)
in the clusters obtained from the two data sets. The similarities in results
of clusterings could be as a result of proportions of PM, | concentration
levels for some countries being similar to the proportions of PM,,
concentration levels (for the same countries).

Conclusion

2 and 3 clusters have been extracted from PM,  data and PM, , data
respectively. The ARI computed for clusters resulting from the two data
sets indicates that there are some similarities between the results of the
two clusterings.

With limited resources, clustering of PM-related aspects may be
advantageous. It plays a role in saving resources when representative
sites (samples) are selected from clusters for a study, instead of carrying
out the study in all sites. The results can be applied on similar sites which
were not included in the study. In monitoring, only a small number of
areas representing other areas belonging to the same clusters (sample)
can be monitored. Countries can learn from other countries.

There are a number of factors that may affect clusters (number of
clusters and the elements in the clusters). One of them is the smoothing
approach. Using different values of parameters (such as using a
different value for the number of basis functions and/or a different
value for the smoothing parameter) or a different smoothing approach
to smooth the data may result into results that are different from the
ones obtained in this paper. The length of the TS is also another factor
to be considered. As the length increases, there is a probability that
two countries (curves) that in this paper are in the same cluster may
not be in the same cluster due to differences introduced by extended
length. Different clustering algorithms are also sometimes likely to lead
to different results.

This is an era that requires effective and efficient use of resources.
Clustering of environment- and climate-related aspects may ensure
effective and efficient use of the scarce resources that Africa has.

Acknowledgements

The Commonwealth Scholarship Commission (CSC), the University of
Glasgow, African Institute for Mathematical Sciences (AIMS), and Symon Sikwese.

References

1. World Health Organization (2013) Health Effects of Particulate Matter: Policy

16

17.

Implications for Countries in Eastern Europe, Caucasus and Central Asia,
World Health Organization, Copenhagen.

Fuzzi S, Baltensperger U, Carslaw K, Decesari S, van der Gon HD, et al. (2015)
Particulate matter, air quality and climate: lessons learned and future needs.
Atmos Chem Phys 15: 8217-8299.

Office of Environment and Heritage (2011) Air Pollution: Particulate Matter
(PM, ). Office of Environment and Heritage, Sydney.

Eiseman E (1998) Monitoring for Fine Particulate Matter, RAND, Washington,
D.C.

Hinz T (2002) PM in and from agriculture- introduction and overview. In:
Proceedings of the Conference organized by the Institute of Technology and
Biosystems, Federal Research Institute for Agriculture (FAL), Braunschweig,
Germany.

Hartung J (2002) Effects of Bioaerosol Related Particulate Matter on Animal
Health. In: Proceedings of the Conference organized by the Institute of
Technology and Biosystems, Federal Research Institute for Agriculture ( FAL )
fur Landwirtschaft (FAL), Braunschweig, Germany.

Jimoda LA (2012) Effects of Particulate Matter on Human Health, the
Ecosystem, Climate and Materials: a Review. In: Facta Universitatis, Working
and Living Environmental Protection 9: 27-44.

Scott M, Miller C, Finazzi F, Haggarty R (2013) Coherency in space of lake
and river temperature and water quality records. In: SIS 2013 Statistical
Conference: Advances in Latent Variables: Methods, Models and Applications,
Brescia, Italy.

Finazzi F, Haggarty R, Miller C, Scott M, Fasso A (2014) A comparison of
clustering approaches for the study of the temporal coherence of multiple time
series 29: 463.

. Addae-Korankye A (2014) Causes of Poverty in Africa: A Review of Literature.

American International Journal of Social Science 3: 147-153.

. United Nations Environment Programme (2009) Concentrations of Particulate

Matter less than 10 microns (PM10).

. World Health Organisation (n.d.), Global Health Observation Data Repository:

Ambient Air Pollution.

. Ramsay JO, Silverman BW (1997) Functional Data Analysis, Springer-Verlag,

New York.

. Levitin DJ, Nuzzo RL, Vines BW, Ramsay JO (2007) Introduction to Functional

Data Analysis, Canadian Psychology 48: 135-155.

.Rencher AC (2002) Methods of Multivariate Analysis (2nd ed.), John Wiley &

Sons, Canada.

. Timm NH (2002) Applied Multivariate Analysis, Springer, New York.

Rousseeuw PJ (1987) Silhouettes: a Graphical Aid to the Interpretation and
Validation of Cluster Analysis. Computational and Applied Mathematics 20:
53-65.

J Pollut Eff Cont, an open access journal
ISSN:2375-4397

Volume 4 + Issue 4 « 1000170


http://www.euro.who.int/en/health-topics/environment-and-health/air-quality/publications/2013/health-effects-of-particulate-matter.-policy-implications-for-countries-in-eastern-europe,-caucasus-and-central-asia-2013
http://www.euro.who.int/en/health-topics/environment-and-health/air-quality/publications/2013/health-effects-of-particulate-matter.-policy-implications-for-countries-in-eastern-europe,-caucasus-and-central-asia-2013
http://www.euro.who.int/en/health-topics/environment-and-health/air-quality/publications/2013/health-effects-of-particulate-matter.-policy-implications-for-countries-in-eastern-europe,-caucasus-and-central-asia-2013
http://www.dx.doi.org/10.5194/acp-15-8217-2015
http://www.dx.doi.org/10.5194/acp-15-8217-2015
http://www.dx.doi.org/10.5194/acp-15-8217-2015
http://www.environment.nsw.gov.au/
http://www.environment.nsw.gov.au/
http://www.rand.org/pubs/monograph_reports/MR974.html
http://www.rand.org/pubs/monograph_reports/MR974.html
http://literatur.thuenen.de/digbib_extern/zi029622.pdf
http://literatur.thuenen.de/digbib_extern/zi029622.pdf
http://literatur.thuenen.de/digbib_extern/zi029622.pdf
http://literatur.thuenen.de/digbib_extern/zi029622.pdf
http://literatur.vti.bund.de/digbib_extern/zi026867.pdf#page=124
http://literatur.vti.bund.de/digbib_extern/zi026867.pdf#page=124
http://literatur.vti.bund.de/digbib_extern/zi026867.pdf#page=124
http://literatur.vti.bund.de/digbib_extern/zi026867.pdf#page=124
http://facta.junis.ni.ac.rs/walep/walep201201/walep201201-04.pdf
http://facta.junis.ni.ac.rs/walep/walep201201/walep201201-04.pdf
http://facta.junis.ni.ac.rs/walep/walep201201/walep201201-04.pdf
http://meetings.sis-statistica.org/index.php/sis2013/ALV/paper/viewFile/2623/490
http://meetings.sis-statistica.org/index.php/sis2013/ALV/paper/viewFile/2623/490
http://meetings.sis-statistica.org/index.php/sis2013/ALV/paper/viewFile/2623/490
http://meetings.sis-statistica.org/index.php/sis2013/ALV/paper/viewFile/2623/490
http://www.dx.doi.org/10.1007/s00477-014-0931-2
http://www.dx.doi.org/10.1007/s00477-014-0931-2
http://www.dx.doi.org/10.1007/s00477-014-0931-2
http://www.aijssnet.com/journals/Vol_3_No_7_December_2014/16.pdf
http://www.aijssnet.com/journals/Vol_3_No_7_December_2014/16.pdf
http://www.unep.org/PDF/UNEP_AR_2009_FINAL.pdf
http://www.unep.org/PDF/UNEP_AR_2009_FINAL.pdf
http://apps.who.int/gho/data/node.main.151?lang=en
http://apps.who.int/gho/data/node.main.151?lang=en
http://www.psych.mcgill.ca/misc/fda/
http://www.psych.mcgill.ca/misc/fda/
http://tx.shu.edu.tw/~PurpleWoo/Literature/!DataAnalysis/Methods of Multivariate Analysis.pdf
http://tx.shu.edu.tw/~PurpleWoo/Literature/!DataAnalysis/Methods of Multivariate Analysis.pdf
https://www.google.co.in/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwi2996_jKPOAhVJso8KHaiwD3UQFggeMAA&url=http%3A%2F%2Fwww.sciencedirect.com%2Fscience%2Farticle%2Fpii%2F0377042787901257&usg=AFQjCNFHHNakp8oOiqPn7AUdhHP3qqdV-w&bvm=bv.128617741,d.dGo
https://www.google.co.in/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwi2996_jKPOAhVJso8KHaiwD3UQFggeMAA&url=http%3A%2F%2Fwww.sciencedirect.com%2Fscience%2Farticle%2Fpii%2F0377042787901257&usg=AFQjCNFHHNakp8oOiqPn7AUdhHP3qqdV-w&bvm=bv.128617741,d.dGo
https://www.google.co.in/url?sa=t&rct=j&q=&esrc=s&source=web&cd=1&cad=rja&uact=8&ved=0ahUKEwi2996_jKPOAhVJso8KHaiwD3UQFggeMAA&url=http%3A%2F%2Fwww.sciencedirect.com%2Fscience%2Farticle%2Fpii%2F0377042787901257&usg=AFQjCNFHHNakp8oOiqPn7AUdhHP3qqdV-w&bvm=bv.128617741,d.dGo

Citation: Musopole A (2016) Functional Clustering of Particulate Matter less than 10 Microns: A Case of Africa. J Pollut Eff Cont 4: 170. doi:
10.4172/2375-4397.1000170

Page 10 of 10

w

18.Rendon E, Abundez |, Arizmendi A, Quiroz EM (2011) Internal versus 23. Henderson B (2006) Exploring between site differences in water quality trends:
External cluster validation indexes. International Journal of Computers and a functional data analysis approach. Environmetrics 17: 65-80.

Communications 5: 27-34. )
24. Maechler M, Rousseeuw P, Struyf A, Hubert M, Hornik K (2015) cluster: Cluster

19. Hubert L, Arabie P (1985) Comparing partitions. Journal of Classification 2: Analysis Basics and Extensions, R package version 2: 0-1.

193-218.
25. Neuwirth E (2014) RColorBrewer: ColorBrewer Palettes. R package version
20. Aghedo AM, Schultz MG, Rast S (2007) The Influence of African Air Pollution 1:1-2.
on Regional and Global Tropospheric Ozone. Atmos Chem Phys 7: 1193-1212.

[}

26. Ramsay JO, Wickham H, Graves S, Hooker G (2014) FDA: Functional Data

21. Chang F, Qiu W, Zamar RH, Lazarus R, Wang X (2010) clues: An R Package Analysis. R package version 2.4.4.
for Nonparametric Clustering Based on Local Shrinking. Journal of Statistical . - .
Software 33: 1-16. 27.R Core Team (2015) R: A language and environment for statistical computing.

R Foundation for Statistical Computing, Vienna, Austria.

22. South A (2011) rworldmap: A New R package for Mapping Global Data. The . .
R Journal 3: 35-43. 28. World Atlas (2015) Map of African Continent.

J Pollut Eff Cont, an open access journal

ISSN:2375-4397 Volume 4 + Issue 4 « 1000170


http://www.universitypress.org.uk/journals/cc/20-463.pdf
http://www.universitypress.org.uk/journals/cc/20-463.pdf
http://www.universitypress.org.uk/journals/cc/20-463.pdf
http://www.dx.doi.org/10.1007/BF01908075
http://www.dx.doi.org/10.1007/BF01908075
http://www.dx.doi.org/10.5194/acp-7-1193-2007
http://www.dx.doi.org/10.5194/acp-7-1193-2007
http://www.dx.doi.org/10.18637/jss.v033.i04
http://www.dx.doi.org/10.18637/jss.v033.i04
http://www.dx.doi.org/10.18637/jss.v033.i04
https://journal.r-project.org/archive/2011-1/RJournal_2011-1_South.pdf
https://journal.r-project.org/archive/2011-1/RJournal_2011-1_South.pdf
http://www.dx.doi.org/10.1002/env.750
http://www.dx.doi.org/10.1002/env.750
https://cran.r-project.org/web/packages/RColorBrewer/index.html
https://cran.r-project.org/web/packages/RColorBrewer/index.html
https://cran.r-project.org/web/packages/fda/index.html
https://cran.r-project.org/web/packages/fda/index.html
https://www.r-project.org/
https://www.r-project.org/
http://www.worldatlas.com/webimage/countrys/africa/africaa.htm

	Title
	Corresponding Author
	Abstract
	Keywords
	Introduction 
	Data description

	Methodology 
	Functional representation 
	Complete-linkage hierarchical algorithm 
	Determining the number of clusters 
	Cluster validation 
	Analysis 

	Results and Discussion 
	Conclusion 
	Acknowledgements 
	Figure 1
	Figure 2
	Figure 3
	Figure 4
	Figure 5
	Figure 6
	Figure 7
	Figure 8
	Figure 9
	Figure 10
	Figure 11
	Figure 12
	Figure 13
	Figure 14
	References

