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Abstract—Smart city deals with the improvement of their
citizens’ quality of life. Numerous ad-hoc sensors need to be
deployed to know humans’ activities as well as the conditions
in which these actions take place. Even if these sensors are
cheaper and cheaper, their installation and maintenance cost
increases rapidly with their number. We propose a methodology
to limit the number of sensors to deploy by using a standard
clustering technique and the normalized convolution to estimate
environmental information whereas sensors are actually missing.
In spite of its simplicity, our methodology lets us provide accurate
assesses.

the means used to reach these goals, but also culture, climate, history and monuments are considered as important
success factors.
These concepts do not represent disjoint areas of analysis
and still share some common aspects. Moreover, a system to
support a smart city (in terms of both hardware and software)
must satisfy the following conditions:
•

I. I NTRODUCTION
The increasing demand for better public services offered by
modern cities requires ad hoc support for technologies, all tied
together into the so-called smart city concept, that embraces
different multidisciplinary fields as informatics, urban and
social sciences, politics as well as economics. Nonetheless,
the concept of a smart city remains strongly ambiguous; it has
been growing from empirical experience and lacks a systemic
theoretical study [1].
A study commissioned by the European Union defines
smart city initiatives as multi-stakeholder municipally based
partnerships aimed at addressing problems of common interest
with the aid of information and communications technologies,
which underpin the smart classification [2]. Dameri [1] analyzed five areas of study concerning the smart city: intelligent
city, digital city, sustainable city, technocity and well-being
city. Technocity concerns mainly efficiency and effectiveness
improvements of the infrastructures, whereas digital city refers
to the representation of several aspects of a real city. These
two aspects are not of primary interest for this paper, which
will focus on the following definitions:
• an intelligent city is able to produce knowledge and to
translate it into unique and distinctive abilities; this city
is smart because it is able to create intellectual capital and
to ground development and well-being on this intellectual
capital;
• a sustainable city aims to become a “green city” by using
technology to reduce pollution, to produce energy and to
improve the buildings efficiency;
• a well-being city produces the best quality of life for
citizens, but also to create regional attractiveness both
for people and for business. Technology is just part of

•

•

•

•

openness: the system must be able to work with intermittent devices. For example, if we consider devices such
as the smart-phones, there is no guarantee that these are
always available;
heterogeneity: observations from heterogeneous devices
usually produce large volumes of data that must be
pruned and correlated in order to generate a valuable
knowledge;
large-scale: due to the amount of (physical and virtual)
entities involved in smart cities and the huge amount of
data to process, there is a need for efficient data storing
and manipulation techniques. Moreover the data must be
always available to the final user;
unpredictability: it concerns robust systems able to continuously self-adapt to changes that may occur in a highly
dynamic environment;
privacy: non-intrusiveness is considered a key point when
collecting data in a smart city.

All these challenges must be addressed when the mobility
of ubiquitous and heterogeneous devices introduce different
accessibility scenarios with a high level of complexity. Ambient systems represent a key solution to integrate different
technologies and provide an IoT infrastructure to be aware
of the environment, doing pervasive computing and profiling
through human-centric computer interactions [3].
Wang et al. [4] suggested a multi-agent check system where
a heuristic intelligent optimization is used to achieve a high
level of comfort (with respect to temperature, illumination and
the CO2 concentration) with the minimum power consumption.
Costantini et al. [5] defined a multi-agent system approach
to control cultural sites such as museum or archaeological sites
and to disseminate personalized information to users according
to their location.
Ballatore et al. [6] realized a system for querying the

buildings in a campus to send users information such as room
and equipment availability or scheduled classes in courses.
Saldaña-Pérez et al. [7] described a model to provide semantic instructions to move around places through geospatial
analysis, semantic processing and mobile technologies. The
route starts from the mobile position and proposes points of
interest and visual aids along the road.
As a matter of fact, today there is a growing interest to
support technologies to support not only smart cities, but also
smart regions [8]. Moreover, the deployment of applications in
large scale environments is a difficult task due to a variety of
constraints (e.g. energy, communication, computing capacities,
mobility, autonomy) [9], [10]. Smart tourism supports systems
that bind together technologies and systems in different cities
to provide specific services to the final user. The method
developed by Rivera et al. [11] makes use of preferences,
like recommended points of interests and opinions by other
users (obtained from the web 2.0 by means of social media),
activities declared during vacations, the maximum distance the
user is able to walk to provide better touristic itineraries.
Sabatucci et al. [12] developed a smart travel system that
acts as a tour operator, combining travel components ondemand to create a holiday package that takes into account
user preferences such as budget availability, places of interest
and activities to perform.
Among the variety of methods to complete missing information or to handle sparse data, classical methods based on
regression analysis use different coefficients for each missing
data and take into account a fixed number of data [13], [14].
The model predictive control is based on a mathematical model
that describes the environment and it is used to make predictions in smart buildings to reduce their energy consumption
while ensuring the occupants’ comfort at the same time [15].
Another approach, based on artificial neural networks, was
proposed for missing environmental information [16], although
it needs to specify a precise architecture as well as the
activation function. These parameters greatly depend on the
case study. Vice versa, normalized convolution is an efficient
approach that requires very low computational power and
requires just a few parameters that can be pre-defined easily.
This paper focuses on a simple yet effective methodology to
estimate missing environmental information by cluster analysis
and normalized convolution (see fig. 1). We verified the
proposed approach on a real weather dataset, freely available
on the Internet, showing good results for applications on a regional scale. The paper is organized as follows: section II faces
the problem of clustering by using a hierarchical approach
together with deciding automatically the optimal number of
clusters; section III describes the normalized convolution technique, used the extrapolate missing information; section IV
reports the experimental setup, enhances the hierarchical clustering by means of the Voronoi diagram and discusses the final
results; section V summarizes the applicability of the proposed
methodology and describes research perspectives.

II. AGGLOMERATIVE HIERARCHICAL CLUSTERING
In a clustering problem we are given a dataset of “points”
and the goal is to partition this dataset into a finite set of
disjoint subsets (i.e. clusters) C such that the union of all
subsets covers the whole dataset. A high quality clustering
is one in which the points in any particular subset are more
similar to each other than the points in other subsets [17].
One common technique for clustering is known as agglomerative hierarchical clustering; this approach starts considering
each single point into a single cluster and then it iteratively
merges the closest pair of clusters according to some similarity
criteria until all points belong to one cluster. The main
drawbacks of this approach are that the points that have been
incorrectly grouped at an early stage cannot be reallocated
subsequently and different similarity measures among the
clusters can lead to completely different results [18].
The hierarchical methods group training points into a typical tree structure known as dendrogram which represents a
sequence of nested cluster constructed top-down or bottomup. The root of the tree represents the cluster that includes the
whole dataset of points while each leave has one point. By
cutting the tree at a certain level we obtain a clustering into
disjoint groups (fig. 2) [19].
A major challenge in cluster analysis is determining the
optimal number of clusters. There are two principal approaches
to face this problem. One common technique depends on
plotting an optimization parameter against a number of clusters
and on choosing the number which corresponds to a large
change in the parameter value. A second method seeks large
changes in inter-group fusions where fusion distances are
generally determined with the aid of the dendrogram. Both
these techniques depend on the determination of relatively
large changes in an index rather than its minimization or
maximization and therefore require human interpretation and
subjective analysis of what should be considered a “large
change” [20]. In the gap statistic method [21] we suppose that
we clustered the set of points into k clusters C1 , C2 , . . . , Ck .
Let
X
Dn =
dij
i,j∈Cn

be the sum of pairwise distances for all points in Cn and let
Wk =

k
X

Dn
2||Cn ||
n=1

be the variance that represents be the dispersion of the points
within the k clusters. The idea of gap statistic is to compare
the dispersion of the points within each of the k clusters to
its expectation under an appropriate null reference distribution [21].
III. N ORMALIZED C ONVOLUTION
Dealing with irregularly sampled data due to the presence,
for example, of noise or instrumental error is quite common
in many scientific fields, such as astrophysics, geoscience,
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Fig. 1. Sketch of the main steps of our methodology.

To avoid over-smoothing the output signal, K should be
big enough to contain just some pixels of the input signal.
Vice versa, if the distance between the nearest samples in S is
greater than the size R of K, then the reconstructed image will
contain gaps. Without a priori information, R is automatically
set to the minimal distance among the available samples to
reduce artifact effects along discontinuities: at least one point
lies always within the radius [26].
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Fig. 2. Colors represents the clusters obtained by thresholding the dendrogram
at 0.6 (the dashed line).

oceanography, telecommunications, remote sensing and medical imaging. In general, performing operations on incomplete
or irregularly sampled data is a non-trivial task and therefore it
is often required to reconstruct the irregularly sampled data or
resample it onto a regular grid. These operations can be carried
out through direct methods, which can involve the computation
of irregularly sampled data in the frequency domain and the
inverse transform to obtain a regularly spaced signal [22], [23],
[24]. Normalized convolution is a non-direct methodology
widely used for filtering incomplete or uncertain data which is
based on the separation of both data and operator into a signal
part and a certainty part. A map indicates the presence degree
of a sample in a given position and, in particular, a binary
map would indicate just the absence or presence of the signal.
This approach was described for the first time by Knutsson
and Westin for digital image analysis with a simple and fast
implementation [25].
Let S be the positive map that represents certain samples of
bi-dimensional data I. If we indicate by {S · I} the pointwise
product of S and I and by {K ∗ I} the usual convolution with
a kernel K, then normalized convolution is defined by
N C(I, S, K) = {K ∗ S · I} / {K ∗ S}
In other words, to reconstruct the data I from its samples
specified in S, we just have to weight {K ∗ S · I} by the
confidence {K ∗ S} of the results generated.
The kernel, centered in the origin, have the original and
general form
! πr 
 −α
if r < R
r cosβ 2R
Kx,y =
0
otherwise
p
where r = (x2 + y 2 ). Usually, the parameters α = 0 and
β = 2 are used, thus obtaining the bi-dimensional raised
cosine depicted in figure 3.

Fig. 3. Graphic representation of the typical smoothing kernel, as described
in [25].

It is noteworthy that the normalized convolution can be
calculated through efficient lookup tables if we accumulate
the contribution of the few known samples according to the
reflected kernel’s values about its center (fig. 4), instead of
directly calculating the scalar product at each unknown point.
Instead, this latter approach is preferable if we are interested
in a single missing point, without considering the rest of the
signal (fig. 5).
A variant of this algorithm is known as adaptive normalized
convolution and it modulates both the size and the shape of the
kernel K, according to the position of certain samples [27],
[28]. In this case, implementing an optimized and efficient
custom convolution routine can be quite difficult: a different
filter should be arranged for each point of the output image
and an estimate of the gradient of the whole signal is used
to determine this proper kernel. Obviously, this gradient itself
is just an approximation since it has to be computed from
available samples specified by S. Actually, we preferred not
to use this approach because it requires a considerable amount
of computational time and usually its performances does not
justify the enhancement of the final result due to the very few
known samples.
IV. M ATERIALS AND METHOD
To evaluate the correctness of the proposed methodology we
considered the freely available temperatures in degree Celsius
recorded by Arpae-SIMC, a weather service of the EmiliaRomagna region in Italy which provides weather warnings to
the Italian Civil Protection Department. Beyond climatological

in adjacent Voronoi tiles are grouped together: this refines the
original clustering by separating eventual stations which act
in the same manner though are too far one from each other
(fig. 6b). These new tiles are no more convex in general and
contain stations with a similar behavior, normally due to the
local orography.

Fig. 4. If very few sensors (marked in red) are available, it is convenient
to calculate the values in all remaining points by indirect contributions of
the actual temperatures: their precalculated products by the kernel are simply
added to accumulation arrays.

a

Fig. 5. If we are interested in estimating the temperature in just one point
(marked in green), the straightforward implementation of the convolution
remains the fastest solution.

data, Arpae-SIMC provides tools, products and indicators to
evaluate the impact of storms on the coast [29].
About 48% of this region consists of plains while 27% is
hilly and 25% is mountainous. We considered the average
daily air temperatures at 2 meters of altitude, collected in 196
days from September 8 2017 to April 25 2018 by 80 weather
stations. Actually, since we do not make a temporal analysis,
we have not considered the days when some stations were not
operational between those two dates. That is, the minimal form
of this dataset consists in an array of 196×80 numerical values.
The exact geographic locations of these stations were corrected
to the Cartesian plane through the Mercator projection [30].
The main steps of the proposed methodology are depicted
in figure 1. At first, a Voronoi tessellation [31] is calculated
according to the actual positions of the stations: this delimits
their rough relevance areas (fig. 6a). Given a station, its
Voronoi tile is a convex polygon that includes all points closer
to that station than to any other station. This way, each tile
contains exactly one station. The Voronoi tessellation can be
calculated efficiently by mathematical morphology [32].
Actually, some stations (especially if close to each other)
can show similar detected temperature; a hierarchical clustering technique groups together these stations and therefore their
corresponding tiles. The hierarchical clustering tree is created
starting from the information I of the dataset and then the
optimal number k of clusters is computed by using the gap
statistic method. Stations belonging to the same cluster and

b
Fig. 6. Superimposition of the Voronoi diagram (a) and subsequent
clusters (b) on the map of Emilia-Romagna (obtained through OpenStreetMap [33]). Red dots indicate the weather stations.

The certainty map S needed by the normalized convolution
stores just the positions of the stations. In order to estimate
the temperature value in a missing position, it is sufficient to
apply the normalized convolution on the information map I
from the dataset and on the certainty map S, limited to the
cluster containing the position (fig. 7).
All experiments were carried out on an entry level machine,
equipped with i7-7820HQ, 32GB RAM and Windows 10. Our
algorithm was coded in Matlab language without particular
optimizations; nonetheless it takes about a second to cluster
the whole dataset and it is practically instantaneous in computing the normalized convolution. It should be noted that the
clusters should be computed from time to time and while it
is appropriate for a server to update the cluster periodically,
the normalized convolution can be efficiently calculated even
by low-end mobile devices. That is, the certainty map S can

-3.3°
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+1.9°

Fig. 7. Only the stations within the same cluster (in detail) contribute to the
normalized convolution, similarly to figure 5.
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vary not only according to the response provided by the fixed
stations, but it can be refined also through extemporaneous
surveys.
To verify the correctness of the results we considered a
leave-one-out cross validation: for each experiment a precise
station has been removed at a time, in order to evaluate the
estimation from the remaining stations. Figure 8 shows the
average error and the standard deviation of each station during
the considered 196 days. The average overall error is just
-0.03°.

Weather station
Fig. 8. Error bar of deduced temperatures (degree Celsius) for each station,
computed through the leave-one-out process.

The same normalized convolution can be effectively applied
to determine the reliability of the proposed method on the entire lattice: it is sufficient to propagate the average error of each
weather station to measure the correctness of the extrapolated
measurements in any point without a real station (fig. 9).
V. C ONCLUSION AND P ERSPECTIVES
This paper introduces a simple and effective non-supervised
methodology for estimating missing environmental information in a large scale context through cluster analysis and

Fig. 9. Expected error through normalized convolution. Most stations do not
introduce any error (green); some stations report warmer values than the real
temperatures (yellow); only one station indicates a lower temperature (blue).
We highlight that this colder station (#80 in fig. 8) is due to the absence of
neighboring stations for a correct evaluation.

normalized convolution. We believe the method could be further improved: for example, we considered a standard off-line
hierarchical clustering algorithm while on-line techniques [34]
could update dynamically the clustering tree each time the
system receives new information (e.g. mobile devices equipped
with proper sensors). Also geographical characteristics of the
stations such as altitude can be used to provide a better
grouping in the Voronoi diagram.
The proposed methodology is scale-independent, since it
makes no assumption on the spatial distribution of the stations.
Moreover, it is applicable to a variety of sensors and it
does not require any intervention by the user. Although we
considered only temperatures from a real regional dataset, the
methodology is general enough to be applied to a variety
of environments. Indeed, we plan to use the same approach
to determine technologies that could be employed in the
smart-campus context of the University of Toulouse III Paul
Sabatier [35]. As a matter of facts, more and more researchers
consider universities as great places to experiment innovative
services and techniques for smart buildings. Installing and
maintaining a large number of different sensors to monitor
all parameters of the campus is quite expensive.
According to the quantitative results, our methodology already provides satisfactory temperature estimations by considering a reduced subset of weather stations, while the clustering
step is suggested from time to time to process the whole
dataset. To improve the performances it would be possible
to cluster data streams by accessing the input information via
a few linear scans; these algorithms do not store large amount
of data by processing only a very limited subset of data [36].
This idea is due to emerging smart applications which involve
massive data such as traffic, services and environmental data.
We plan to investigate in our future works different techniques

to produce missing information, in order to carry out a
comparative analysis.
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