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Abstract

Urban hotspot detection methods represent a significant feature in many urban analysis problems because they allow
to detect where a phenomenon has intensified and how it evolves over time. K-means and Fuzzy C-means clustering
algorithms are frequently used in urban hotspot detection because they have the advantage of being computationally
fast; however, they are not very robust to the presence of noise and outliers and fail to capture hotspots that are not well
separable. In order to increase the accuracy of hotspot detection methods based on the Fuzzy C-means algorithm, a novel
hotspot detection method is proposed that uses the weighted Fuzzy C-means algorithm to evaluate the impact of the data
points density. The proposed algorithm has the advantage of improving the performance of Fuzzy C-means-based hotspot
detection algorithms, increasing robustness to data noise and capturing overlapping and elongated hotspots, without reduc-
ing computational speed. Experimental tests were carried out on crime analysis events that occurred in the District of
Columbia (USA) between 2019 and 2024. They highlighted the ability of the proposed hotspot detection method to capture
intersecting and elongated hotspots and to provide a valid tool for localization and analysis of the temporal evolution of
urban hotspots.

Keywords FCM - wFCM - Hotspot - Urban hotspot - GIS

1 Introduction

Urban hotspots are defined as urban areas with higher con-
centration of events/objects compared to the expected num-
ber given a random distribution of events/objects (Zeng and
Xiang 2021). Each event is registered specifying its spatial
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reference, the time it occurred and all the information that
characterizes it. It is displayed as a point on the map.

Clustering methods are generally used to detect hotspots.
The data points are made up of events assigned as elements
with point geometry on the map. Clustering algorithms
are used to locate and construct hot spots as elements with
polygonal geometry on a map, corresponding to regions
of the study area where the phenomenon is most insistent.
Moreover, by analyzing the location and extension of hot
spots detected in successive time frames, it is possible to
study their evolution over time.

Several cluster-based hotspot detection algorithms have
been proposed in the last decades in various problems.
K-means, due to its high computational speed, has been used
in numerous applications to detect hotspots from localized
events and analyze their changes over time. Agarwal et al.
(2013), Sing and Manimannan (2013), Hajela et al. (2020)
and Dubey et al. (2024) use K-means to detect hotspots in
crime analysis. In Vadrevu et al. (2013) and Khairani Nabila
and Sutoyo (2020) K-means is applied to detect hotspots in
fire analysis. In Wahyono et al. (2024) K-means is applied
to detect traffic accident hotspots.
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A widely used fuzzy clustering algorithm in hotspot
detection is Fuzzy C-means, Bedzek (1981), (FCM). FCM
is well known for its ability to handle fuzziness in data by
allowing data points to belong to multiple clusters with dif-
ferent membership degrees; this allows for greater flexibil-
ity and more accurate clustering results interpretation. Like
K-means, FCM provides good computational speed. FCM
is applied in crime analysis (Kaur and Sehra 2014) and
(Ansari et al. 2018), in disease analysis (Bandyopadhyaya
and Mitra 2015) in road traffic crashes (Win et al. 2019)

Although they are very fast and easy to implement,
K-means and FCM require a priori setting of the number
of clusters and are sensitive to the choice of initial values,
which can lead to local minimum.

A validity index can be used to set the best value of the
number of clusters. To optimize the cluster initialization
some authors developed hybrid models in which meta-
heuristic techniques were used to optimize the setting of
the initial cluster centers. A hybrid variation of K-means,
in which the Particle Swarm Optimization algorithm is
executed to find the optimal cluster centers, is tested in Li
et al (2022) to detect hotspots from GPS data. In Ran et al
(2021) a noise algorithm is employed in a K-means urban
hotspot detection method to optimize the initialization of
the clusters. In Cardone and Di Martino (2020) the De Luca
and Termini fuzzy entropy measure, De Luca and Termini
(1972), is applied in FCM to measure the fuzziness of clus-
ters and optimize their initialization.

The critical point of these approaches consists of the
increase in computational complexity, which affects their
use in the presence of massive data. Moreover, K-means and
FCM produce point-based cluster prototypes that provide
the location of cluster centers. One of their limitations is the
inability to capture the geometric shape of the hotspot; for
this reason, some researchers proposed the use of density-
based cluster methods, which are able to capture the geo-
metric shape of clusters.

Density-based hotspot detection algorithms are proposed
in traffic crashes analysis (Lin et al. 2011), in soil pollution
(Chaney and Ratcliffe 2005) and in crime analysis Kalinic
and Crisp (2018). DBSCAN is used in Santos et al (2021)
for detecting traffic accident hotspots. Scalable density-
based hotspot detection methods are applied in Cesario
et al (2021) and Cesario et al. (2024), where DBSCAN is
organized in a parallelized structure. In Huang et al. (2021)
a fast version of DBSCAN is applied to GPS trajectory
data to extract taxi passenger hot spots. The Kernel Den-
sity Estimation algorithm (KDE) is tested in Memisoglu
Baykal (2025) for forest fire hotspot detection; comparison
test with the traditional Getis Ord Gi* and Anselin Local
Moran's I detection algorithm; comparative tests showed
that KDE does not improve the accuracy of detected clusters
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compared to the other two methods. An urban hotspot detec-
tion method based on the spatiotemporal hierarchical den-
sity-based cluster algorithm ST-HDBSCAN was proposed
in Li et al. (2021) to capture taxi trajectory hotspots and
analyze its temporal evolution; this approach has the dis-
advantage of being too expensive for massive data and is
particularly sensitive to the choice of parameters.

Density-based algorithms detect the geometric shape of
hotspots more accurately than K-means and FCM; however,
they can be too expensive as the cardinality of the dataset
increases; furthermore, they are sensitive to the data scale,
and it is necessary to appropriately fix the maximum dis-
tance between two points so that they are considered close.
Approximation of the shape of hotspots with circular areas
can represent a trade-off between computational speed and
hotspot accuracy (Shen et al. 2019).

In Di Martino and Sessa (2011) and Di Martino et al.
(2014, 2020) a hotspot detection method based on an exten-
sion of the FCM algorithm was experimented, which pro-
vides circular-shaped hotspots it proposed. In Cardone and
Di Martino (2022) this method was tested to detect the tem-
poral variation of crime hotspots in the city of London.

However, these methods have the defect of not suffi-
ciently modeling hotspots with elongated geometries; fur-
thermore, they are not able to detect compact and small
hotspots.

In this paper, we propose an FCM-based hotspot detection
method that uses the weighted FCM algorithm (Wang et al.
2004), (wFCM) to account for the densities of data points.
The K Nearest Neighbors algorithm (KNN) is included in
FCM to evaluate the weights to assign to the data points and
the covariance matrix of each cluster is calculated to assess
their geometric structure as an ellipse on the map.

The proposed method has the advantage of detecting bet-
ter real hotspots than FCM, taking into account the density
of data points. In fact, FCM fails to capture hotspots where
data point densities have significant variations and clusters
are not well separable and is not very robust to the presence
of noise and outliers in the data.

In particular:

e points in dense regions will have high weights. FCM
centroids will be more strongly attracted to dense points
and clusters are better centered on hot spots;

e isolated points and outliers will have low weights and
will not affect clustering;

e wFCM is better than FCM at detecting hotspots in real
datasets where clusters are not clearly separated, and
data point densities are variable.

In a nutshell the proposed local density-based Weighted
FCM improves the performance of FCM-based hotspot
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detection algorithms, increasing robustness to noise in the
data and capturing elongated hotspots, without, on the other
hand, increasing the computational complexity of the algo-
rithm. It assigns more influence to points in densely popu-
lated areas, improving the location, shape and significance
of clusters compared to a standard FCM.

The remainder of this paper is organized as follows.
In Sect. 2 the FCM and wFCM algorithms are presented,;
Sect. 3 describes introduces the proposed wFCM-based
hotspot detection method In Sect. 4 are illustrates and dis-
cussed the results of comparison with other FCM-based
algorithms using well-known classification data sets. Sec-
tion 5 concludes this paper with final discussions.

2 Preliminaries

In this section the FCM and wFCM algorithms are briefly
introduced.

2.1 The FCM algorithm

Let X={xy,....Xxy} be a set of N data points where each
point x; is a vector in the feature space R". FCM applies the
Euclidean metrics in the feature space to partition the data
points in C clusters by minimizing the following objective
function [2]:

C N
J(U,V)=>"> "upd (1)
i=1 j=1

where V={v,, v,,...,Vc} is the set of the cluster centers and
the matrix U is the C X N partition matrix, whose elements

u;; provide the membership degree of the jth data point to
the ith cluster.

The value dj; represents the Euclidean distance between
the ith cluster center and the jth data point. The fuzzifier
parameter m, is a value greater than 1 that controls the fuzzi-
ness of the clustering. Generally, an accepted value for m is
m=2.

The solutions for V and U that minimize J are obtained
via the Lagrange multiplicators. They are given by:

N —'m
Zj:luij L

vi= S @)
Zj:luij
and
u 1
ij= 3
c djj m—1 (3)
Zh:l (dhj)

FCM calculates iteratively the cluster centers and the parti-
tion matrix via (2) and (3) until the following condition is
reached:

Ut - U“’l)’ = ma.x{

11i(jt)—ui(j"71)‘}<ai:1ﬁ...,Cj:1,..A,N (4)

where ui(jt) and ui(jt*l)
degree of the jth data point to the ith cluster in the current
cycle and in the previous cycle and the parameter ¢, called

iteration error, is a prefixed value.

are, respectively, the membership

Below the FCM algorithm is shown in pseudocode.

Input:
Output:

X,C,m, ¢
V,U

—_

Initialize randomly v;

2. Calculate uj; i=1,..., C using (3)
3, u =0 i=l,...,C

4, While |U — UPT¢V| > ¢

5. Calculate vj; using (2)

6. uﬁrev =y

7. Calculate u;; using (3)

8. End while

9. Return V, U

Algorithm 1: FCM
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2.2 The weighted FCM algorithm

wFCM is a robust clustering algorithm that extends the clas-
sical FCM method by integrating feature weighting into the
clustering process. In wFCM a weight is assigned to each
data point following a particular strategy; it is applied in
many problems in which is useful assign different relevance
to the data points, for example, if a data point is given by
the average of a set of measure, to it can be assigned a
weight proportional to the inverse of the standard deviation,
or when it is necessary to mitigate the presence of outliers,
assigning them a very low weight.

In wFCM the objective function to minimize is given by:

N

Jo (U, V) =D wiultd] (5)

i=1 j=1

where w; is the weight assigned to the j¢i data point.
Applying the Lagrange multipliers, are obtained the fol-
lowing solutions for the components of V.

N
ijleu?}xj
Vi = —~N o (6)
D=1 WU

The solution for the partition matrix U is given by (3).
The algorithm wFCM is schematized in pseudocode
below:

3 The proposed wFCM-based hotspot
detection algorithm

Let X={xy,...,.Xx} CR" be a set of N data points where each
point x;€ R? is given by a couple of geographic coordinates.

The proposed hotspot detection method uses a wFCM
algorithm, where the weight assigned to the jti data point
is given by:

1
- % ZhK:1 dhj + 0 @

W
The first term in the denominator of (7) is the mean distance
of the closest K data points and ¢ is a positive value close
to zero, added to avoid divisions by zero, in case a point has
a mean distance close to zero (e.g. if it is very close to its
K-nearest neighbors) and to stabilize the weight values to
prevent them from becoming too large in ultra-dense areas.

The Xie-Beni validity index, Xie and Beni (1991), (XB)
is used to assign the optimal number of clusters. Compared
to other well-known validity indices, such as Silhouette,
Davies-Bouldin and Dunn, which are designed for hard
clustering, XB reflects the uncertainty of clustering in FCM.
Furthermore, it is computationally lighter than Silhouette or
Dunn especially for massive datasets, as it does not perform
complex intra-cluster averaging calculations and does not
require recursive operations.

The formula for XB is:

Input:
Output: V,U

X,w,C,m, ¢

—

Initialize randomly vi

2. Calculate u;; using (3)

3. ugrev =0

4. While |U — UPT¢V| > ¢

5. Calculate vj; using (6)
6. ufirev = Uy

7. Calculate uj; using (3)
8. End while

9. Return V, U

Algorithm 2: wFCM
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Table 1 Performance measures of FCM, DBSCAN and wFCM on the
first data sample

Index FCM DBSCAN wFCM
Xie-Beni 0.0055 - 0.0055
Silhouette 0.9196 0.8524 0.9196
The best values of the two indices are shown in bold

T Yy ullx — i)
XB(c) = = — (8)

min|v, — vi||*
r#i

where the numerator measures the inter-cluster compact-
ness and the denominator the intra-cluster separation. The
intra-cluster compactness is given by the mean square dis-
tance between each data point and its cluster centers, the
intra-cluster separation is given by the smallest distance
between clusters.

The best number of clusters is given by the number C of
clusters that maximizes XBI.

After assigning the weight to each data point by (7) and
determining the optimal number of clusters, wFCM is exe-
cuted to detect the C cluster.

The hotspots are assessed as ellipses considering the cen-
troid of each cluster v;; the correspondent ellipse is created
assigning its minor and major semiaxes given by the eigen-
values of the covariance matrix:

T
> i u (x5 — vi) () — Vi)

= ST
j=1 Ui

)

Finally, the hotspots are extracted and displayed on the map.

To overcome this problem, we propose a fuzzy entropy-
based variation of oFCM called hoFCM, in which the
weight assigned to the clusters detected by executing FCM
on each chunk, in addition to measuring the extension of the
cluster, also measures its compactness. To assess the com-
pactness of a cluster, the De Luca and Termini fuzzy entropy
index is used; it is a measure of the degree of fuzziness of
a fuzzy set.

The wFCM hotspot detection method is shown in pseudo-
code in Algorithm 3.

Input:
Output:

X,w,C,m, &

Final hotspots as ellipses

ci=2
Execute wWFCM(X,w,c,m, €)
Compute XB(c) by (8)
Forc:=31t0 10
Execute wFCM(X,w,c,m, €)
Compute XB(c) by (8)
If XB(c) < XB Then
XB = XB(c)
C=c
10. End if
11. Next ¢
12. Execute wWFCM(X,w,C,m, €)
13. Fori;=1to C

® NS »n kWD =

Compute the weight of the data points by (7)

14. Compute the ellipse axes by (9)

15. Calculate the density of points in each hotspot
16. Next i

17. Plot the hotspots as ellipses on the map

18. Return the final hotspots

Algorithm 3: wFCM hotpot detection
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Fig. 1 Hotspots obtained on the
first data sample executing he three
clustering algorithms

.
N
=

Table 2 Performance measures of FCM, DBSCAN and wFCM on the
second data sample

Index FCM DBSCAN wFCM
Xie-Beni 0.0755 - 0.0707
Silhouette 0.6429 0.6366 0.6450

The best values of the two indices are shown in bold

The algorithm was implemented in the tool GIS Suite ARC-
GIS Pro 3.4, using the python library ArcPy for ArcGIS Pro.

4 Results and discussion

To evaluate the performance of wFCM, initial comparative
tests were performed with FCM and the density-based clus-
tering algorithm DBSCAN, Ester et al. (1996), Schubert et
al. (2017).

4.1 Comparison tests

The responses of the three algorithms are measured con-
sidering two point datasets artificially prepared. The two
datasets are given by point georeferenced in projected coor-
dinates UTM WGS84.

In the first experiment a dataset composed of three well-
separable clusters with high and medium point density is
created.

DBSCAN was run several times varying the eps param-
eter, which defines the maximum distance between two
data points for them to be considered close. By varying the
eps parameter from 5 to 500, the correct number of clus-
ters, equal to 3, was obtained only for eps=35; in all other
cases the number of clusters was always 1. This result
shows that DBSCAN is sensitive to the data scale and needs

Fig. 2 Hotspots obtained on the
second data sample executing the
three clustering algorithms

@ Springer
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Fig. 3 Differences between
hotspots generated by executing
FCM and wFCM obtained from the
second data sample

N

d

\\\\\

.

: NN

Fig.4 Study area of the Wards of
the District of Columbia, Washing-
ton, USA

Wards of the District of
Columbia, Washington, USA by
population density

Low density

Medium density

High density

Table 3 Extension and demographic data of the Wards of the District
of Columbia, Washington, USA
Ward Area [KM?] Population Population density [INHAB. /KM?]

1 6.57 79,373 12,076.49
2 18.36 78,878 4,296.90
3 28.32 78,404 2,768.43
4 23.31 85,587 3,670.90
5 26.93 88,426 3,283.48
6 17.62 84,004 4,768.64
7 24.00 90,898 3,788.16
8 32.35 86,509 2,674.22

preprocessing elaborations to find the correct value of the
eps parameters.

The Xie-Beni index is measured to compare the perfor-
mances of FCM and wFCM in terms of compactness of the
cluster and separability among clusters; the Silouhette index

is measured to compare wFCM with DBSCAN. The results,
shown in Table 1, highlight that FCM and wFCM provide
the same performance; DBSCAN provides a lower value of
the Silhouette index index than FCM and wFCM.

In Fig. 1 are shown on the map the clusters obtained using
the three algorithms. FCM and wFCM provide exactly the
same hotspots, approximated as ellipses, DBSCAN pro-
vides hotspots as polygons.

In the second experiment a dataset composed of three not
completely well-separated clusters is created; the first clus-
ter has a high point density, the second medium density and
the third low density.

DBSCAN was performed several times, varying the eps
parameter from 5 to 500. As in the previous case, the correct
number of clusters, equal to 3, was obtained only for eps=5;
in all other cases the number of clusters was always 1. This

@ Springer
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Fig.5 Car theft events in 2019 in
the District of Columbia, Washing-
ton (USA)

Car Theft Hotspot
2019

Cluster 1

Cluster 2

Centroid of Cluster 1
Centroid of Cluster 2
Theft of Cluster 1
Theft of Cluster 2
All other Theft

Fig. 6 Car theft events in 2020 in
the District of Columbia, Washing-
ton (USA)

Car Theft Hotspot
2020

Cluster 1

Cluster 2

Cluster 3

Centroid of Cluster 1
Centroid of Cluster 2
Centroid of Cluster 3
Theft of Cluster 1
Theft of Cluster 2
Theft of Cluster 3
All other Theft

confirms that DBSCAN is sensitive to the data scale and
a preprocessing step is performed to determine the correct
value of the eps parameters.

In this second experiment wFCM shows better perfor-
mance than FCM and DBSCAN, as shown in Table 2. In
fact, wFCM provides lower XB index values and higher
Silhouette index values than those provided by FCM. This
indicates that, wFCM provides better compactness and sep-
aration between clusters than FCM. In addition, wFCM also
shows better robustness to the presence of outliers in the
data.

Figure 2 shows the hotspots detected using the three
algorithms.

Unlike the first case, now the hotspots detected using
FCM and wFCM are not perfectly coincident. While the two
hotspots representing the compact cluster, well separated

@ Springer

from the other two, are perfectly coincident, the hotspots
related to the other two clusters are not, as shown by the
zoom-in of the map in Fig. 3, mainly due to the tendency
of FCM to not be very robust with respect to the presence
of outliers.

The results in Fig. 2 also show that DBSCAN provides
hotspots with a higher density of data points than FCM and
wFCM. In fact, the average density of hotspots generated
with DBSCAN is 832.35 data points per square kilometer,
while that of hotspots generated with FCM and wFCM is,
respectively, 446.18 and 450.52 data points per square kilo-
meter. This is an indication of the fact that DBSCAN tends
to underestimate the spatial extent and overestimate the
apparent density of hotspots.
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Fig. 7 Car theft events in 2021 in
the District of Columbia, Washing-
ton (USA)

Fig. 8 Car theft events in 2022 in
the District of Columbia, Washing-
ton (USA)

Fig.9 Car theft events in 2023 in
the District of Columbia, Washing-
ton (USA)

Car Theft Hotspot
202

Cluster 1

Cluster 2

Cluster 3

Centroid of Cluster 1
Centroid of Cluster 2
Centroid of Cluster 3
Theft of Cluster 1
Theft of Cluster 2
Theft of Cluster 3
All other Theft

Car Theft Hotspot
2022

Cluster 1

Cluster 2

Centroid of Cluster 1
Centroid of Cluster 2
Theft of Cluster 1
Theft of Cluster 2
All other Theft

Car Theft Hotspot
2023

Cluster 1
Cluster 2

A Centroid of Cluster 1
4 Centroid of Cluster 2
o Theft of Cluster 1

Theft of Cluster 2
All other Theft
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Fig. 10 Car theft events in 2024 in
the District of Columbia, Washing-
ton (USA)

Car Theft Hotspot
202

Cluster 1

Cluster 2

Cluster 3

Centroid of Cluster 1
Centroid of Cluster 2
Centroid of Cluster 3
Theft of Cluster 1
Theft of Cluster 2
Theft of Cluster 3
All other Theft

Table 4 Hotspot overlap year by year 2019-2024

Period Hotspot’s surface [km?] Coverage percentage
2019 70.01 -

2020 113.55 95.62%

2021 70.72 60.54%

2022 55.76 72.11%

2023 57.54 84.42%

2024 81.13 78.59%

4.2 An application in crime analysis

The wFCM hotspot detection method has been tested in a
crime analysis application to analyze the location and evolu-
tion of hotspots generated by criminal events that occurred
from 2019 to 2024 in the District of Columbia, Washington
(USA). The study area, shown in Fig. 4.

It is divided into wards, which represent geographic sub-
divisions fundamental to the organization of local govern-
ment and the distribution of public services.

The District of Columbia is currently divided into eight
wards, each with clearly defined boundaries that reflect
demographic, geographic, and socioeconomic criteria.
These subdivisions do not constitute independent munici-
pal entities, but rather representative units through which
urban governance is structured and citizen participation
is facilitated. From a socio-demographic perspective, the
wards exhibit marked heterogeneity: each presents a dis-
tinctive profile in terms of ethnic composition, income
levels, access to education, public health status, and urban
infrastructure. This diverse configuration makes the wards
a privileged object of study for disciplines such as urban
planning, urban sociology, and public health, offering a rep-
resentative microcosm of the tensions and potentials typical
of contemporary American metropolises.

@ Springer

Table 3 provides data on the size and demographics of
each ward.

Datasets of events were extracted for various types of
crimes, including robberies, burglaries, car thefts, motor
vehicle thefts, assaults with dangerous weapons, and sexual
abuse. For the sake of brevity, the results obtained by apply-
ing wFCM on the car test events dataset are shown.

The thematic map illustrated in Fig. 5 shows the car theft
events that occurred in 2019 in the study area.

The clustering process identified two distinct hotspots;
the first is located in the central area of the district that
records a smaller extension but a higher density than the
other hotspot identified in the eastern outskirts.

The thematic map illustrated in Fig. 6 shows the car theft
events that occurred in 2020 in the district of Columbia.

For the year 2020, the clustering process identified three
different hotspots: one in the central area, one in the northern
area and one in the eastern area. Cluster number 2, located
in the city center, has a smaller extension than the other two
but a higher density.

In Fig. 7 is shown the thematic map of car theft hotspots
detected in 2021 in the study area.

As in the previous year, 3 different clusters were identi-
fied in 2021. Their location coincides with those of 2020:
cluster 1, the smallest but densest, is in the city center, clus-
ter 2 is located to the north of the study area and has a larger
extension than cluster 1 but smaller than cluster 3, located in
the eastern part of the city.

The thematic map illustrated in Fig. 8 shows the car theft
events that occurred in 2022 in the study area.

The clusters identified in the year 2022 are 2, as already
happened for the year 2019. Cluster 1 is in the city center
and has a high density of car thefts; cluster 2, located in



A novel fuzzy clustering urban hot spot detection method—an application in crime analysis

Fig. 11 Intersection area of individ-
ual annual hotspots (2019-2024) in
the District of Columbia, Washing-
ton (USA)

Intersection of all hotspots
2019-2024

Intersection

Table 5 Critical area of the Wards of the District of Columbia with
respect to car theft events occurred in the period 2019-2024

Ward Ward critical area [km?] Hotspot cover ratio
1 6.57 68.17%
2 18.36 24.78%
3 28.32 0.11%
4 23.31 0.00%
5 26.93 61.53%
6 17.62 46.52%
7 24.00 22.45%
8 32.35 0.23%

the eastern area of the district, has a greater extension but a
lower density.

Figure 9 shows the thematic map of the car theft events
that occurred in 2023 in the District of Columbia.

As in the previous year, the clusters identified in the year
2023 are 2. The areas involved are the same, the city cen-
ter with cluster 1, and the eastern area with cluster 2. Clus-
ter 1 records a higher density while cluster 2 has a higher
extension.

In Fig. 10 is shown the thematic map of car theft hotspots
detected in 2024 in the study area.

Compared to the previous year, the clusters identified in
the year 2024 are 3, as already occurred in 2020 and 2021.
Cluster 1 is in the city center and, for the first time, records a
lower density than the other clusters; cluster 2 located to the
southeast of the study area, records the largest extension and
the lowest density; and cluster 3, located to the northeast
of the district, is the least extended and records the highest
density.

In Table 4 are shown the surface covered by hotspots in
every year (Hotspot’s surface) and, in percentage terms,
how much of the surface covered by hotspots in the previous

year continues to be covered by hotspots in the year being
analyzed (Coverage percentage).

The results in Table 4 highlight that, while the extension
of hotspots detected in 2019 was almost completely covered
by hotspots detected in 2020, only 60% of the extension of
hotspots detected in 2020 was covered by hotspots detected
in 2021. This is because the detected hotspots in 2020 col-
lectively cover a much larger surface area than those cov-
ered by the hotspots detected in other years. Car thefts were
likely more widespread and less concentrated in specific
areas of the district in 2020.

Through spatial intersection processes, the surface on
which hotspots were recorded during the entire period was
identified and calculated. The aim is to identify the area that
recorded the greatest criticality during the entire period ana-
lyzed, from 2019 to 2024.

Figure 11 shows the thematic map that illustrates the area
resulting from the intersection of all the hotspots recorded
in the five years.

In Table 5 are shown the extension of the critical area of
the Ward and, in percentage, the ratio between the critical
area and the area of the Ward (hotspot cover ratio).

The Wards 1 and 5 are the city areas most affected by
hotspots. Specifically, over 70% of Ward 1 and over 60%
of Ward 5 were covered by hotspots during all the six years
from 2019 to 2024; this result highlights that the frequency
of car thefts in these wards remained high throughout the
investigation period. On the contrary, in Wards 3, 4 and 8
car thefts were much less frequent and did not occur consis-
tently throughout this period. Further observation concerns
the relationship between hotspot coverage and population
density: although Wards 2 and 6 have high population den-
sities, their hotspot incidence is significantly lower than
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Ward 1. This suggests that population density alone is not
sufficient to explain the presence of hotspots, and that other
factors, such as the socioeconomic fabric, urban morphol-
ogy, or the functional distribution of the territory, may play
a decisive role. Furthermore, the interannual variation in
coverage suggests that crime, while maintaining a certain
spatial stationarity, may exhibit temporal dynamics linked
to seasonal, pandemic, or economic factors.

5 Conclusion

This work tested a novel urban hotspot detection method
based on a weighted FCM algorithm, where the weighting
takes into account the density of data points. Comparative
tests demonstrated that the proposed method improves the
accuracy of the FCM hotspot detection algorithm, increas-
ing its robustness to noise and its ability to capture over-
lapping and non-compact hotspots. In addition, compared
to density-based clustering algorithms such as DBSCAN, it
has the ability to capture even non-dense hotspots.

Further tests conducted on crime analysis events that
occurred in the District of Columbia (USA) between 2019
and 2024 highlighted that the proposed method represents a
robust and valid tool to support decision makers in analyz-
ing the spatial distribution and temporal evolution of urban
hotspots.

Looking ahead, we intend to further improve the accu-
racy of the proposed wFCM-based urban hotspot detection
method by incorporating more dimensions into the weights,
taking into account not only spatial density but also addi-
tional characteristics, such as event intensity and local vul-
nerability characteristics, related to an area's susceptibility
to damage in the event of a given event.
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