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Abstract
Collection and management of solid municipal waste represent one of the most relevant issue in the context of human activities with an environmental impact. This paper
contributes to this debate, by dealing with the analysis of how municipalities face the
problem of differentiating waste. To pursue our scope, a complex network approach is
followed. In particular, we conceptualize, explore and compare two networks, whose nodes
are the municipalities and the weights synthesize the percentage of differentiated waste
at a municipal level and the distance from the waste processing plants. The theoretical
network models are validated through an empirical study based on a high quality dataset
related to Italian municipalities. In this respect, the detection of communities and their
geospatial contextualization are introduced as devices for a complete description of the
reality of differentiated waste treatment and management in the Italian context.

Keywords: Solid municipal waste, differentiated waste treatment and management, complex
networks, Italian municipalities.
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Introduction

Management of solid municipal waste is one of the most relevant issues concerning human
activities with environmental impact. As recently commented by the World Bank in its
report on waste (World Bank, 2018), individuals and governments make decisions about
waste disposal that affect the daily health, productivity and cleanliness of any community.
Worldwide, generation of municipal solid waste amounts to 2.01 billion tonnes annually,
with at least 22 percent of that extremely conservatively not managed in an environmentally
safe manner. Moreover, municipal solid waste is expected to increase to 3.40 billion tonnes
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globally by 2050, in line with growth in prosperity and movement to urban areas. Currently,
waste generated per person per day averages 0.74 kilogram, but ranges widely, from 0.11
to 4.54 kilograms. Data collected by the World Bank provide also relevant information
about worldwide waste composition, disposal and treatment. Waste composition differs across
income levels, reflecting varied patterns of consumption. High-income countries generate
relatively less food and green waste, at 32 percent of total waste, and generate more dry waste
that could be recycled, including plastic, paper, cardboard, metal, and glass, which account
for 51 percent of waste. Middle- and low-income countries generate 53 percent and 56 percent
food and green waste, respectively (World Bank, 2018, 4). Furthermore, considering waste
management globally, about 33 percent of waste is openly dumped and 37 percent is disposed
of in some type of landfill; only 19 percent of waste undergoes materials recovery through
recycling and composting and 11 percent is treated through modern incineration (World
Bank, 2018). Separate waste collection and management can help significantly in improving
those figures and reducing environmental pollution due to waste. A proper and efficient
collection system allows a better management of the sorted waste fractions, which have to go
through different treatment and recovery processes [6, 17, 19]. However, their effectiveness
depends on a number of factors, as waste management is complex; indeed, it involves every
individual, as well as a number of institutions and firms providing various waste management
services [4, 13, 21]. Waste collection is often managed by local authorities, which have limited
resources, especially where communities are not populated by high-income individuals [14].
This has a negative bearing on their capacity for waste management planning, contracting,
operational monitoring, and so on. Inter-municipal government cooperation is in place in
a minority of cities, but its impact on waste collection and sorting is overall limited, as
it typically occurs through the use of shared assets for waste transfer, disposal, and city
cleaning. Municipal waste management offers therefore a very fragmented picture at various
geographic levels, globally as well as locally. The aim of this work is to contribute to the
analysis of how municipalities deal with waste, especially focusing on solid waste selection
and subsequent processing in waste treatment plants. Considering that aggregate data on
municipal waste management tend to hide individual performances, which are heterogeneous,
we are particularly interested in finding out whether data on waste sorting and treating help to
detect somewhat homogeneous communities of municipalities on the basis of features of their
behaviour. To pursue our scope, a complex network approach is followed [8, 12]. In particular,
we conceptualize, explore and compare two networks, whose nodes are the municipalities and
the weights synthesize the tons of collected waste, the percentage of selected waste and the
distance from the waste processing plants. To the best of our knowledge, this approach has
never been used before in analyses of waste management issues. The theoretical network
models are validated through an empirical study based on a high quality dataset referred to
Italian municipalities. Therefore, community detection and network centrality measures are
introduced as devices for a complete description of actual municipal practices with regard to
separate waste collection and treatment in Italy.
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Municipal solid waste management in Italy

As in other European countries, waste management performance in Italy is strictly related
to recycling targets [11]. Over the last two decades, EU Directives have set waste policies
and targets to deal with waste issues in a coordinated way. Those regulations have been
moving municipal waste management in Europe up the waste hierarchy (laid down by the
Waste Framework Directive 2008/98/EC), which prioritises waste prevention, followed by
preparing for reuse, recycling, and other recovery, thus leaving disposal as the least desirable
option [5, 1]. In commenting on the European Commissions legislative proposals on the Circular economy package of May 2018, the European Parliamentary Research Service (EPRS)
noted that over 25 percent of municipal waste is still landfilled, while less than half is recycled
or composted. Of course, there are wide variations across Member States. However, waste
management in the EU has improved considerably in recent decades and European legislative
proposals of 2018 aim to introducing higher waste management targets regarding reuse, recycling and landfilling [9]. Therefore, the EU is also making the requirements about separate
waste collection more stringent, for instance, by specifying exemptions in further detail and
requiring separate collection for textiles and hazardous waste from households by 2025. In
Italy, regional governments hold the responsibility for drawing up waste management plans,
while municipalities within optimal management areas (so called ATO-Ambiti Territoriali
Ottimali) organise municipal waste collection and management [5]. The latest report by ISPRA, which is a national agency for environmental protection and research, shows that per
capita annual generation of municipal waste has declined on average from 550 to 505 kilograms between 2006 and 2012, while it has been floating around 490 kilograms afterwards.
It shows also that in 2017 waste generation has declined notwithstanding increases in GNP
and household expenditure, whereas correlation among those socio-economic indicators has
been usually positive [3] (ch. 2). Focusing on waste selection, ISPRA provides information
on the amount of per capita sorted waste, and the proportion of sorted waste over total waste
in Northern, Central and Southern Italy over the period 2013-2017. Their data show that
Northern Italy is where the higher amount of sorted waste per capita is produced, increasing
from 266 to 333 Kilos per year in 2013-2017; whereas the corresponding figures for Southern
Italy increase from 129 to 185. Furthermore, in 2013-2017 the percentage of sorted waste
(over total waste) increases from 54.4 to 66.2 in the North, while it increases from 28.8 to
41.9 in the South. Figures for Central Italy are in between; for instance, the proportion of
sorted waste increases from 36.4 in 2013 to 51.8 in 2017.

3

Material and methods

This section is devoted to the development of the employed methodological devices and on the
description of the empirical data used for the validation experiment. At this aim, we firstly
overview some notations on networks; then, we build the networks used for the proposed
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analysis of differentiated waste collection and management; lastly, we present the dataset
used for the empirical study.

3.1

Preliminaries on networks

A network represents a unified system able to model a set of elements along with their
interconnections. The basis of the conceptualization of a network is a graph G = (V, E),
being V the set of n nodes and E the set collecting the m links. The generic nodes will be
denoted hereafter as i, j ∈ V or, similarly, i, j = 1, . . . , n, and the link (i, j) formalizes the
(possibly existing) connection between i and j.
In our context, existing links are weighted. Such weights are nonnegative numbers which
capture the strength of the connection between two nodes. We denote the weight associated to
(i, j) by wij ; we assume that wij = 0 if and only if the link (i, j) does not exist, i.e. (i, j) ∈
/ E.
Weights are collected in the n-squared weighted adjacency matrix W = (wij )i,j∈V . Clearly,
E is fully identified through the weighted adjacency matrix W.
The network N is the weighted graph, and it can be written as N = (V, W).

3.2

The differentiated waste collection and management networks

We consider a set V of n municipalities, which represent the nodes of two networks. The
networks will be denoted by N (p) = (V, W(p) ) and N (d) = (V, W(d) ), and are constructed as
follows:
Network N (p) We denote by pi ∈ [0, 1] the share of differentiated waste collected by municipality i
over the total amount of collected waste, for each i ∈ V .
We assume that two municipalities i, j ∈ V
a similar behavior in differentiating waste.
with
( min{p ,p }
i j
(p)
max{pi ,pj } ,
wij =
0,

have a strong connection when they show
(p)
Specifically, we define W(p) = (wij )i,j∈V ,
when pi + pj > 0;
when pi = pj = 0.

(1)

(p)

Weights in (1) range in [0, 1]. In particular, wij is close to one when pi ∼ pj , and it
is null when pi and/or pj is null. Furthermore, in some sense, weights in (1) are built
to assign stronger connections to nodes with higher percentages of differentiated waste.
To explain this statement, assume that p∗ > 0 is such that pi = pj − p∗ . Then (1) can
be rewritten as follows:
pj − p∗
(p)
,
wij =
pj
which is an increasing function of pj . Substantially, weights are more sensitive to the
distance between pi and pj as their values become smaller.
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Network N (d) We here proceed as in the construction of N (p) , with the remarkable distinction that
we move from a different connection parameter.
Denote by di ∈ [0, +∞) the distance measured in Kilometers between the municipality
and the waste processing plants. As we will point out in the empirical section, such a
distance is a weighted mean of the distances between the municipality and the plants
for the treatment of the differentiated waste.
Also for this network, we assume strong connections in presence of similar distances
from the plants. Thus, in accord to the definition of W(p) in (1), we define the entries
of W(d) as
( min{d ,d }
i j
(d)
max{di ,dj } , when di + dj > 0;
wij =
(2)
0,
when di = dj = 0.
Weights in (2) share the same features of the w(d) ’s: they are contained in [0, 1], they
are close to one when the involved d’s have similar values, they are null in presence of
at least one null distance d and they assign stronger connections to municipalities with
higher distances from the plants.

3.3

Empirical data

The theoretical network models, as specified above, are validated through an empirical study
based on a high quality dataset referred to Italian municipalities. The dataset is available
from MEF and collects data about 6605 municipalities, thus covering around 85 percent of
the Italian municipalities (in 2016 Italy had 8100 municipalities). We use data on year 2016,
which is the most recent data on municipal waste management in Italy available from the
dataset. MEF has been improving its methodology to calculate so-called standard municipal
expenditure needs for municipal services [2] and has therefore produced that high quality
dataset. This enables analyses that use reliable solid waste data, which is an advantage of
this work.
Indeed, waste management data are critical to creating appropriate policy and planning
for the local context; however, solid waste data should usually be considered with a degree of
caution because of inconsistencies in definitions, data collection methodologies, and availability [1, 20] (World Bank, 2018). The dataset provided by MEF includes data on the following
variables, about municipal solid waste management, for each municipality: the number of
annual tonnes of solid waste generated; the percentage of sorted waste over solid waste; the
average distance (in Km) between the municipality centre and the waste treatment plants
used by the municipality (to treat its waste), weighted by the number of tonnes of treated
waste. MEF considers also other variables, which are not used to validate our theoretical
network models (e.g., the type of plants, if any, built on the municipal land). However, MEF
uses a k-means cluster analysis to detect homogeneous groups of municipalities by looking
at their geographic, social and economic characteristics [2] (appendix D). According to this

5

analysis, each municipality belongs to one of the 15 clusters identified by MEF. As mentioned
above, we will compare those clusters with the results of our community detection analysis.

4
4.1

Theory
Community detection method

Community detection is the task of partitioning a network into groups of nodes that are
densely connected inside their group (the community) and sparsely connected to the rest
of the network [15]. Being the definition of community qualitative, the problem of community detection is open to different mathematical interpretations [15, 18]. One of the most
popular approaches to the task of community detection is represented by modularity maximization [16]. The modularity function Q well represents the definition of community and it
is useful for evaluating the quality of a certain partition by means of the following expression:
Q=

ki kj
1 X
(Aij −
) δ(gi , gj ) ∈ [−0.5, 1]
2m
2m

(3)

ij

The elements of the modularity function are the adjacency matrix A, a n-squared binary
matrix where the element Aij = 1 if nodes i and j are connected; the degree of the node
P
ki = j Aij that quantifies the number of neighbours of the node i; the number of links in
P
the network m = 12 ij Aij ; the Kronecker function δ; the group membership gi normally
quantified by an integer value.
Given a certain assignment of nodes into groups, expressed by the vector textbf g, the
modularity value represents the deviation of the number of links among nodes of the same
P
type (represented by ij Aij δ(gi , gj )) from the expected number of such links among such
nodes, given their degree. Indeed, given two node with degree ki and kj respectively, the
kj
expected number of links between i and j is ki times 2m
, that is ki times the probability of
being connected to j. The modularity function is normalized to range between −0.5 and 1.
It assumes low values when there are less links than expected among nodes in the same group
while it assumes high values in the opposite case. For instance in Figure 1 we report different
partitioning in communities and values of modularity for the same network. We observe that
the highest value of modularity occurs when the assignment of nodes into communities well
represents the structure of the network. The problem of maximizing modularity, being the
problem of dividing the network into an arbitrary number of groups of arbitrary size both
in the ranging from 1 to n, is a NP-hard problem [10], and several heuristics of modularity
maximization have been proposed in recent years. In this paper we will exploit a state-of-theart community detection algorithm called the Louvain algorithm [7]. The algorithm follows
an agglomerative greedy approach that optimizes modularity finding first small agglomerates
(communities) of nodes that provide the highest value of modularity and then considering
such agglomerates as single nodes in order to re-iterate the first step. In more detail, the
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Figure 1: Three examples of community partitioning of the same network with six nodes
and seven links. The values of modularity change in accordance with the quality of the
partitioning. The Louvain algorithm returns the first community partitioning reported at
the top of the Figure.
algorithm is divided in two phases that are repeated iteratively. The first phase starts with
assigning a different community to each node of the network. So, in this initial partition there
are as many communities as there are nodes. Then, for each node i its neighbours are taken
into account together with the gain of modularity that would take place by removing i from
its community and by placing it in the community of one of its neighbours. The node i is then
placed in the community for which the gain is maximum but only if this gain is positive. If no
positive gain is possible, i stays in its original community. This process is applied repeatedly
and sequentially for all nodes until no further improvement can be achieved and the first
phase is then complete. The first phase of the Louvain algorithm stops when a local maxima
of the modularity is attained, i.e., when no individual move can improve the modularity.
The second phase of the algorithm consists in building a new network whose nodes are the
communities found during the first phase. To do so, the weights of the links between the new
nodes are given by the sum of the weight of the links between nodes in the corresponding
two communities. Links between nodes of the same community lead to self-loops for this
community in the new network. Once this second phase is completed, it is then possible to
reapply the first phase of the algorithm to the resulting weighted network in an iterative way.
The outcome of the employed community detection algorithm is a modularity value,
a vector of integers reporting the assignment of nodes into communities and a number of
communities.
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5
5.1

Results
Network N (p)

As described in Section 3.2, network N (p) is the one in which two municipalities have a strong
(p)
connection wij when they differentiate similar proportions of their waste. In order to get the

network, first we compute all possible similarity scores among the n2 couple of nodes, then
we threshold the resulting network in a way such that only links displaying high similarity
are kept.
The reason behind thresholding low similarity values is twofold: the first
reason is discarding connections that do not have a relevant similarity, the second
reason is to exploit the full potential of the tools of network science that mostly
require sparse networks.
The process of thresholding discards all the links with a similarity score below a threshold
(p)
t that we set at t(p) = µ(p) + σ (p) where µ(p) and σ (p) are the mean value and the standard
deviation of the entries of W(p) . The resulting network, of which we consider only the
largest connected component, i.e. the largest subgraph made up of interconnected nodes, has
2m
n = 6549 nodes, m = 3738919 links and a density of ρ = n(n−1)
∼ 0.17. The reason behind
choosing the largest connected component is to filter out from the analysis isolate
nodes whose importance cannot be quantified by network-based measures. The
communities, retrieved with the algorithm described in Section 4.1, are five and they are
labeled from a to e. The number of nodes in each community is relatively homogeneous and
around 1500 nodes (municipalities) except for community a that displays a lower number of
nodes. Details about the community detection outcome are reported in Table 1. The retrieved
communities are highly cohesive as confirmed by their relatively high value of modularity
Q(p) = 0.47 and such a partition of the network can be considered of high quality also because
it is associated to groups displaying very similar proportions of differentiated waste. In
Figure 2 we observe how each community is associated to a specific range of recycling. In
more detail, we observe different instances starting from municipalities with low recycling
proportions (e.g. community a) to increasingly more virtuous municipalities (e.g. community
e). The obtained partition in communities can be also mapped over the Italian territory
to show to which extent municipalities belonging to different communities are distributed
across the country. Figure 3 reports the distribution of the different nodes over the Italian
territory; we observe a relatively homogeneous distribution except for few cases such as the
region Lombardia, where there is a high concentration of municipalities differentiating a high
proportion of their waste, and the region Puglia, where we observe the opposite situation (see
panel e of Figure 3).
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N (p)

a
466

b
1572

c
1409

d
1421

e
1681

Table 1: Number of nodes (municipalities) per community.
a

b

d

e

c

300

Number of nodes

200
100
0

0

25

50

75

100

300
200
100
0

0

25

50

75

100 0

25

50

75

100

Recycling (%)
Figure 2: Number of nodes per communities, given their percentage of recycling. We note
that the partition in communities unveils different classes of municipalities based on their
percentages of recycling. In more detail, the proportion of recycled waste spans approximately
between 0−20% for community a, 20−50% for b, 50−65% for c, 65−75% for d and 75−100%
for e.

5.2

Network N (d)

In network N (d) two municipalities have a strong connection if they are located at a similar
distance from the recycling plants. Also in this case, we apply a thresholding procedure, with
threshold t(d) = µ(d) +σ (d) where µ(d) and σ (d) are the mean value and the standard deviation
of the entries of W(d) . The resulting network, of which we consider only the largest connected
component as for the previous network, has n = 6541 nodes, m = 2066843 links and a density
of ρ ∼ 0.1. The communities, as retrieved with the algorithm described in Section 4.1, are
three and they are labeled from a to c. Details about the community detection outcome
are reported in Table 2. The retrieved communities are relatively cohesive as confirmed
by their value of modularity Q(d) = 0.22. In Figure 4 we observe how each community is
associated with different, yet similarly distributed, distances. This partition in communities
can be mapped over the Italian territory, as we did in the case of N (p) , in order to evaluate
to which extent municipalities belonging to different communities are distributed across the
country. Figure 5 reports the distribution of the different nodes over the Italian territory. We
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a

b

d

e

c

Number of
nodes
1 10 100

Figure 3: Distribution of the nodes belonging to different communities over the Italian territory. Colors are scaled using a logarithmic function. The distribution of community members
over the country is relatively homogeneous, although panels a and e show more heterogeneity
across Italian regions.
N (d)

a
2860

b
1672

c
2009

Table 2: Number of nodes (municipalities) per community.
observe a relatively heterogeneous distribution; for instance, community a contains several
municipalities from the region Lombardia and many missing regions, indicating the absence
of municipalities in that community. Conversely, community c includes municipalities from
all over Italy in similar proportions.

6

Discussion and concluding remarks

The results that we get for the two networks N (p) and N (d) using our data on municipal waste
management are quite different. First, our analysis leads, on the one hand, to the detection of
5 communities of Italian municipalities according to the proportion of waste sorting achieved
in their local area, and the quality of this partition is relatively good as Q(p) = 0.47 in the
case of network N (p) . On the other hand, 3 is the number of communities detected in the
case of network N (d) , which considers the (weighted) distance between a municipality and
the recycling plants used by it; moreover, Q(d) = 0.22, that is lower than the previous one,
thus suggesting much weaker connections and similarities among Italian municipalities with
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a

Number of nodes

300

b

c

200

100

0
0

50

100

150 0

50

100

150 0

50

100

150

Distance (Km)
Figure 4: Number of nodes per communities, given the distance from municipalities and
recycling plants. We note that communities are made up of municipalities displaying different
distances from the plants. In any case the three communities display similar distribution of
such distances that recall a normal distribution with right skewness.
regard to waste management practices in their territories. Second, community detection in
N (p) seems to be much more informative than in N (d) . In fact, from the analysis carried
out for network N (p) we get a partitioning of municipalities into 5 relatively homogeneous
communities according to the percentage of waste selection in each community. Municipalities
that fall in the same community share a very similar performance as regards their percentage
of waste sorting and we can observe that those in community a, i.e. the less virtuous ones
in terms of recycling (as waste selection accounts for less than 20% of total waste), are few.
Moreover, the number of municipalities falling in communities c, d, or e (where recycling is
more than 50%) is about 4511, i.e. almost 70% of the Italian municipalities in the network,
including around 25% of top performers which recycle more than 75% of their waste. As the
average amount of recycling across the whole network is around 56% of waste, our analysis
enables an improvement of the quality of the information we have about municipal waste
management in Italy. Furthermore, from a technical perspective, it can be argued that this
partitioning into 5 communities is a better result than the k-means partition proposed by
MEF, as our results are more in line with the original structure of the data and no exante decision on the number of communities is introduced in this complex network analysis.
A closer look at community e shows that the more virtuous municipalities are located in
Lombardia. On the other hand, the less virtuous ones (in community a) are located mainly
in Lazio and Mezzogiorno, where the virtuous ones are almost absent indeed. This suggests
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a

b

c

Number of
nodes
1 10 100

Figure 5: Distribution of the nodes belonging to different communities over the Italian territory. Colors are scaled using a logarithmic function. The distribution of communities
members over the country can be either heterogeneous (community a) or homogeneous (community c).
that there is an uneven distribution of the ability to achieve good performances in terms
of recycling across Italy. To increase the proportions of selected waste, it might help to
investigate further the conditions which enable better performances in some municipalities
than others, especially those located in similar or close geographic areas. Turning to a
discussion of results for network N (d) , which considers distances from recycling plants, we
have already noted that those results provide much less clear-cut information. The shape of
the 3 distributions of the municipalities in the 3 communities is similar (moreover, it is similar
to the shape of the original curve that can be obtained for the whole set of municipalities in
the network). In this case the complex network approach does not detect rather strong and
numerous links between municipalities. In fact, the clustering does not seem to be significant.
The 3 communities remain quite heterogeneous, as each of them includes municipalities where
distances travelled to reach recycling plants varies widely. Moreover, the similarity of the
distribution of municipalities belonging to the 3 different communities in N (d) over the Italian
territory confirms such heterogeneity. A number of questions and conjectures might be posed:
heterogeneous performances with regard to distances from plants may be due to saturation,
or absence, of closer plants, and there might be nimby-type obstacles. A repetition of our
analysis, especially for N (p) , with data for 2 years (and possibly for a longer period of time)
might provide different perhaps more informative results. As both waste selection and
transportation are costly, this seems to confirm that the whole chain of municipal waste

12

management should be considered in evaluating performance at municipal level. From this
perspective, mapping municipalities with regard to their citizens income or levels of taxation
for waste management services may be useful, to consider different kinds of communities and
the existence of any significant correlations between them.
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