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Abstract. This paper introduces an advanced georeferenced path planning
methodology that enhances urban navigation by incorporating crime statistics to
ensure safety and adherence to user preferences. Leveraging a combination of
Geographic Information Systems (GIS) and 3D urban modeling, our approach
proposes a unique platform that personalizes route planning within the urban
landscape of Attica, Greece. Our approach is taking into consideration user’s
preferences considering qualitative and quantitative features and a Criminality
Map. Initially the user profile is estimated based on a pairwise comparison ap-
proach of inductive-based learning methodology using Analytical Hierarchy
Process (AHP). The proposed platform provides a personalized path planning
estimation for urban areas by aligning geographic data with both user-specific
preferences and safety considerations. The efficacy of our approach is demon-
strated through a detailed case study of Attica (Greece), where over 700 georef-
erenced models are analyzed for path planning alongside with criminal reports
of Police for the year 2022. This research highlights the potential of combining
safety metrics with personalization in path planning, offering significant impli-
cations for the development of smart navigation systems in urban environments.

Keywords: personalized path planning, urban navigation, virtual tour, GIS sys-
tems, criminality map.

1 Introduction

Recent advances in information technology and increased computational power have
significantly enhanced the creation of photorealistic 3D models and large-scale
scenes, such as those modeling entire urban areas. Concurrently, Geographic Infor-
mation Systems (GIS) have been popular and familiar for over two decades [30].
Numerous georeferenced 3D models of urban areas have been introduced [30], [32],
including some Public Participation GIS (PPGIS) platforms that encourage public
engagement [30]. Moreover, personalized virtual tours on GIS platforms (p-GIS),
which respect the user's preferences, have been developed [9], [15], [19], [22], [26],
[32]. However, one of the primary challenges in viewing large-scale scenes is the



retrieval of information or the estimation of path planning on a 3D georeferenced
scene. Additionally, user preferences can be considered through a decision support
system to estimate a fully personalized virtual trip in a large-scale georeferenced 3D
model [13], [30], [32].

Nonetheless, completing a virtual tour without considering the hard or soft con-
straints or features of the actual physical scene is much simpler than planning a path
for a real-life trip in an urban area. To effectively plan real-life trips in urban envi-
ronments or modeled georeferenced areas, additional factors must be considered to
ensure the trip is both enjoyable and safe. To address this challenge, we propose a
path planning estimation for georeferenced urban areas, considering user preferences
aligned with qualitative and quantitative features, and the criminality factor of each
specific area within the entire urban modeled scene.

Consequently, this paper presents a method of path planning on georeferenced
scenes aimed at simulating a realistic and feasible trip in a modeled georeferenced
urban scene. This method respects the user’s preferences and the georeferenced fea-
tures of the area, enhancing the enjoyment and safety of the trip. The user's profile is
estimated and represented with a set of qualitative and quantitative features that either
match or mismatch the features of the buildings (Points of Interest - Pol) as shown in
[32] allowing for the estimation of a personalized virtual tour in a georeferenced
space. Additionally, a criminality map has been incorporated, applying extra features
to buildings or on paths between visiting points. This criminality map assigns a score
that reflects the level of criminality of any included model (building, sightseeing, and
others) in the specific subarea of the urban modelled scene.

1.1  Case Study of Attica

For our simulation purposes and to demonstrate our work we utilized the extensive
region of Attica. Although our approach is location agnostic, Attica region of Greece
was selected for demonstration purposes, due to ease access to open data sets. Our
approach can be applied to any georeferenced urban area with the proper data sets.
We reconstructed over 700 models across this broad area, incorporating features. We
collected official crime data for the year 2022 from the police, which was summarized
based on police stations per region. Additionally, we gathered official data on the
population numbers per municipality from the national population count of 2021. The
entire region of Attica was divided into seven regions, as depicted in Fig. 6.

2 Related Work

This paper introduces an innovative platform for path planning within an urban area,
considering both criminality and user preferences. This work builds upon the authors'
previous work and extends 3D navigation capabilities for georeferenced urban scenes.
The algorithm presented is referred to as 'macro-path'. This approach goes beyond
merely considering conventional visiting points, such as buildings and sightseeing
locations, it integrates user profiles with crime statistics to estimate a safety-oriented



tour path. Despite numerous studies on path planning in urban spaces, none, to our
best knowledge, have integrated both personal and safety metrics to customize navi-
gation in georeferenced, modeled urban environments.

2.1  Basic Path Planning Algorithms

The foundation of path planning methodology is built upon classical algorithms such
as Dijkstra’s [12] and the A* algorithm [14]. While these are pivotal in route plan-
ning, their efficiency diminishes with expanding search areas [5]. Innovations have
led to more sophisticated approaches like Triangulation A* (TA*) and Triangulation
Reduction A* (TRA*) by [11], which optimize pathfinding through Delaunay triangu-
lation and abstraction into simpler roadmap structures, respectively.

2.2 User profile estimation

In the realm of personalization there are approaches that use geometrical or semantic
criteria. The combination of both is limited to the known approaches according to the
literature review. A system must be able to capture user’s preferences and then to
satisfy his needs in a known content [2] and [18]. In this study, an ontology-based
framework is presented for modelling geographical, user as well as contextual infor-
mation. Some recent works use ontological models for personalization [19]. Ontolo-
gies have been developed using artificial intelligence to facilitate knowledge sharing
and reuse and to establish a domain of spatial information [2] and [21].

An ontology-based system allows experts to cooperate with the system, resulting in
a list of criteria related to the goal of the personalized modelling. From the perspec-
tive of criteria combination, the Analytical Hierarchical Process (AHP) supports the
systematic evaluation of multiple criteria, resulting in a hierarchical structure that can
help in dealing with the characteristics of personalized preferences [20] and [21], an
approach that has already been successfully applied in a 3D Scene Modelling envi-
ronment [25]. The AHP that allows a systematic evaluation of multiple criteria, result-
ing in a hierarchical structure that can help in personalized [28]. These last approach-
es are based on “Hedge Algorithm” which was presented by Freund and Schapire in
1997 [24]. It is known that the best way to gain information about the user’s prefer-
ences is simply to ask for them [25].

2.3 Personalization in Path Planning

Moving forward many path planning algorithms and methodologies have been pre-
sented. Rogers and Langley implement a personalized driving route recommendation
architecture based on the Dijkstra’s shortest path algorithm, operating on personalized
metadata that are approximated by a weighted sum of factors (such as driving time,
length, number of turns, and number of intersections) [27]. In addition, Mekni and
Moulin present a multi-agent implementation for path planning able to be solved in
real time, even under constraints of limited memory and CPU resources [18]. In [17],
the route is planned based on user’s defined points of interest, which are manually set,



on 3D virtual workspaces. Then, the route is controlled by a set of parameters and a
weight is assigned to each of them to regulate their degree of interest. The parameters
are either pre-defined by the system or set by the user [16]. Alternatively, the weight
values can be defined by constraint satisfaction techniques [4].

The work of [1] gives emphasis on the algorithms for creating a personalized rout-
ing plan based on a set of multi-criteria derived from user preferences and geograph-
ical information. The algorithm was an on-line weight allocation algorithm, much like
the weighted majority algorithm [22] and [23].

An interesting approach to estimate a path for tourists in an urban area using genet-
ic algorithms was presented in 2021. Tourists’ objectives were gathered and then
ranked using AHP. A genetic algorithm was used to evaluate possible solutions con-
sidering the user objectives [10]. Another approach that uses a modernized A* algo-
rithm alongside with a genetic algorithm to find an optimal the route for tourists [29].

Finally, an approach of combining both semantic and geometrical criteria for path
planning on a 3D large-scale georeferenced scene has been presented in 2013 [32].
Each building has attached of a set of qualitative or quantitative features that were
evaluated by a multicriteria decision support system using a pairwise comparison
method to score possible vising points and to select the best possible or avoid irrela-
tive one and match user’s profile.

2.4  Smart Cities and Security

Many approaches have been presented related to the architecture, security, and priva-
cy of forthcoming smart cities. Most are centered on real-time data management and
the interconnection among devices. Utilizing real-time and big data technologies is
crucial. One method involves using [oT technology to collect emerging real-time data,
as described in [3]. Another approach for engaging IoT technology to gather data,
related to security and privacy was presented in [6].

Additionally, an innovative approach for crime hotspot detection and prediction
was introduced in 2020, where authors attempted to forecast crimes using historical
data [8]. Progressing from this, an expanded version of the initial platform, aimed at
enhancing citizens' security, was launched in 2021 [7].

2.5 Motivation and Contribution

Path planning in an urban area for tourists or citizens looks like an easy process but
it’s a multi criteria decision. There are many urban simulations and navigation plat-
forms, however all the approaches are ignoring or underestimating the security of
passengers and the criminality of the vising area. To address this issue, we present an
approach of a personalized urban path planning platform that considers the criminality
of the visiting area, based on historical data.

Compared to current approaches in personalized path route planning, our approach
considers both geometrical and semantic features of buildings. Moreover, a criminal
map is considered in the selection of Points of Interest (Pol) and in selection of the
optimal path between selected and highly scored Pol on the planned route.



3 System Overview and Basic Requirements

3.1 Methodology

The presented work is based on an existing path planning platform for 3D modelled
georeferenced urban areas. An extension of this work that uses a criminality map is
presented on this paper. The wide area of Attica was used as a use case scenario.
Therefore, real data about crimes numbers for different regions of Attica was gathered
alongside data about the population of these regions. The number of crimes were
distributed among the areas, based on official police reports. A criminality map was
created and the existing ontological model of features of Pol were updated.

Each point of the map and the containing Pol of it was defined by a Criminality
Score, based on criminality map. A Genetics algorithm was used to estimate an opti-
mal path. The fitness function was considering the criminality score of the area of the
path alongside geometrical and high-level features of the Pol.

3.2  System Overview

Fig. 1 presents an overview of the proposed personalized route planning decision
support system. There are five main components. Our platform is based on google
earth GIS platform.

Reconstruct / Create 3D
models of Pol

Criminality Map
Estimation

3D City Block
Model Descriptors

Generate Solutions Plot optimal
using GA solution to map

User Profile Estimation

Fig. 1. An overview of the proposed
personalized route planning architec-
ture.

Fig. 2. The set of the metadata is used to describe the geo-
referred 3D content.

3D Models of Pol Reconstruction. We developed a customized GIS platform using
google API for Google maps and Google Earth. The 3D models of sightseeing were
designed using third party applications such as Sketchup. Each 3D model was en-
riched and with features and added to our platform database.

Criminality Map. To create the criminality maps for the expansive area of Attica, we
collected official data on various types of crimes official data on the population of
each municipality from the most recent national population count conducted in



2021.We assumed that the population is evenly distributed among the municipalities
within each region of Attica. Subsequently, we allocated the annual crime data to each
municipality based on its population. The value calculated for each region represents
the crime rate and is referred to as the "Criminality Score" in this paper. The Crimi-
nality Score for each municipality was determined by dividing the total number of
crimes by its population. A higher Criminality Score indicates a higher incidence of
crime in that specific region. The final score was normalized across all regions to
ensure that the Criminality Scores ranged from 0 to 1 for each region.

The resultant Criminality Map was created and incorporated into the proposed plat-
form as a set of georeferenced polygons. Each polygon covered an entire region and
was assigned a specific Criminality Score. Moreover, all models within a region in-
herited the same Criminality Score as a quantitative attribute. An overview of the
Criminality Map generation process is depicted in Fig. 3.

Setup Criminality Map & Path Planning Generation Process “Macro-Path”

Collect official 5 Match criminality -
Start criminality reports Collect population score over population Normalize data Elotbis o End
data per region X map
of police per region
Estimate User Profile .
Start based on Painwise Lt B etof
5 ® ® Genes for the GA
comparison

Fig. 3. An overview of the criminality map and “Macro path” generation process
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User Profile Estimation. For the user profile estimation, a set of qualitative and
quantitative features was used. Among them, there was a feature that represented the
Crime Score of the area in which the building is located.

Each reconstructed 3D model has all these features (see Fig. 2). A pair wise com-
parison method was used to rank features for each user [30]. Afterwards, Analytical
Hierarchy Process (AHP) took place to score each model. For model S and for the
user u the score is calculated by the equation (1).

S) =Y wif) (1)

The top-ranking models were selected for the optimal personalized trip.

Generate Solution — Path Planning Process “Macro-Path”. The last component of
our platform is responsible for planning the trip among the selected high-scored Pols
from previous process. For this purpose, a genetic algorithm was used (see Fig. 3).
Each genotype contained all the visiting points in the right sequence.

Fitness Function. The fitness function is considering the score of each individual
selected visiting point, the emotional and the criminality map of the path throughout
the selected points. In addition, the overall distance of the path is considered. The
lower the overall distance is, the higher the score of the fitness function is. The emo-



tional criteria of the path are expressed as E..1n, indicating the score of the nearby
buildings of the path between the visiting point N-1 and N. The Criminality Score of
the path C,.1n expresses the score of nearby areas that the selected path between N-1
and N node is taking place. The fitness function is given by the equation (2).

Fitness = (E‘;;'lsl + EIC:ZSZ + E’;;l_’;:") * DFactoryqen (doveranr) ®))
DFactorpgep, (doverall) =
{0 d > OverallMaxDistance 3)
OverallMaxDistance —d d < OverallMaxDistance

where doveran 1s overall distance of the path, DFactorp.n is a factor that expresses the
score of the path based on the distance of it. The OverallMaxDistance is a predefined
variable that indicates the maximum possible distance of the path. In case that the
distance of the estimated path is more than the OverMaxDistnce threshold, the return
score is zero, the chromosome is characterized as invalid, and it is replaced by a valid
one.

Fig. 4. Distance of a neigh- Fig. 5. Distance of a neighbor  Fig. 6. Graphical representa-
bour building between two areas with high criminality tion of regions of Attica.
building. score between two buildings.

A numerical threshold d, is the perpendicular distance of a neighbor objects to the
partial path between the objects n-1 and n. In this context, all objects within the urban
scene that are not included in the estimated path are considered as neighboring ob-
jects. Additionally, a 3D model qualifies as a "Neighbor 3D model' only if its specifi-
cations align with the user's preferences. In Fig. 4 is shown how the emotional factor
En-1,n is estimated between the Building A and Building B. The distance of Building D
is less than the threshold of d, and the Building D is considered in the cost function as
one object of equation (4). On the other hand, Building C is far away from the esti-
mated path. Moving forward, in Fig. 5 is shown how the estimation of factor Cy.1, is
calculated and effects overall fitness function in equation (5). The d, of each Area
defined by a criminal score is estimated by the minimum distance between the esti-
mated path and the edge of the specific area.

27 Weiob))f Gob))

3 ) - DFactorygrtiar(Apn— 4
htbourDistance(yp; ) pm‘tlal( Pnin) @
ZL Criminality Score(;area) (5)

AreaDistance(jarea)

En—l,n = Zobj Neig

Cn—l,n = Zobj

where obj € R(,) and 7, is current point of the path.



DFaCtorpartial(dpn—l,n) =
0 dpn—1n > MaxPartialDistance

{MaxPartialDistance —dpp_1n  dApp-1n < MaxPartialDistance (6)
where dpn.1,n is the distance between the object N-1 and N. The DFactorparial is a factor
that expresses the score of the distance between the buildings. The MaxPartialDis-
tance is a predefined variable that indicates the maximum possible distance between
two selected visiting points.

In case that the distance is more than the MaxPartialDistance threshold, the return
score of equations (4), (6) is zero and the visiting point S, is ignored.

4 Platform Implementation

4.1 Implementation Details

Each building model (Point of Interest - Pol) is described using a set of metadata. We
represent all 3D objects as a “bounding box” of five faces around the object, exclud-
ing the face that points to the ground, regardless of their 3D complexity.

A front-end interface was developed a to handle user’s interactions and a back-end
module, called GIS Scene Explorer (GIS-SE), based in work of [31], which contains
the user’s profile estimation component and the Macro-path estimation process.

4.2  Assumptions

For simplicity and research purposes, we made several assumptions to focus exclu-
sively on the problems addressed in this paper:

o FEach 3D model is represented as a simple bounding box with five faces,
regardless of its geometrical complexity. Features specific to each build-
ing have been attached to each individual face of the model.

e  We assume that the distance between two visiting points is a straight line,
and that the physical path does not differ in distance from this virtual
straight line.

4.3 Implementing Case Study of Attica

We collected official data on crime numbers for the year 2022 from the Police along-
side data related to the population of region of Attica clustered per regions. However,
the Police’s regions were different than the geographical regions. There was the
North-East and the South-East Police regions that overlapped the East geographical
region of Attica. Therefore, after normalizing the Criminality Scores for the South
and North regions, we distributed the crime numbers to the South-East and North-East
regions based on their populations to encompass the entire area of Attica. Further-
more, crime statistics were available for police stations that serve the entire region of
Attica; hence, we allocated these crime statistics across the expansive area of Attica,



applying them to all regions based on population density. The total Criminality Score
per region is displayed in Fig. 6 and Table 1.

Based on the Table 1 values, a criminality map was created and was considered on
the path planning estimation process. This involved initially evaluating each visiting
point and subsequently considering the selection of paths among the high-scored visit-
ing points.

5 Discussion and Conclusions

In this paper, we applied a criminality map to a personalized path planning approach
for a 3D modeled georeferenced scene of an urban area. The evaluation of the person-
alized path planning approach itself is not the focus of this paper. The results of our
approach will be analyzed under different scenarios: (a) estimating paths without
considering criminality maps, and (b) estimating paths that do take criminality maps
into account.

Table 1. Criminality Score per Region.

Color _ Regions Num of Crimes __ Population Criminality Score
Orange  North Region of Attica 3.889 526.996 0.026
Yellow  west Region of Attica 6.243 26.759 0.811
Green  Central Region of Attica 10.496 996.283 0.037
Pink  South Region of Attica 4.127 598.847 0.024
Blue Piraeus Region of Attica 4.442 443.196 0.035
Red  North-East Region of Attica 2687 215.303 0.043
Purple  gouth-East region of Attica 2.076 301.246 0.024
Other crimes in Attica 83.556 3.108.630

5.1 Path Planning Without Criminality Map Case Study

Since many of the sightseeing attractions in Attica are in the city center, we set the
Starting Point (SP) to another region with a similar Criminality Score, to compel our
approach to choosing more distant visiting points. The Finishing Point (FP) will be
the last point of our tour. For demonstration purposes, we assume that users want to
explore sites related to Greek history and culture. The algorithm evaluates all the
buildings in the area that match the user’s profile and calculates the optimal path,
considering the distances between selected visiting points. In this scenario, the algo-
rithm first selects the closest building in the Piraeus region that aligns with the user’s
preferences, then moves on to the nearest site in the Region of West Attica. After-
words, three more Pol from the Central Region of Attica are selected, with the tour
terminating at the Greek Parliament. This process considers only the distance and
features of each building, disregarding the Criminality Score and other data from the
criminality map. The planned path is illustrated in Fig. 7.
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5.2  Path Planning Enhanced with Criminality Map Case Study

In this case scenario, the same SP and user's profile are used. The algorithm assess-
es all buildings in the area that match the user's profile and considers the Criminality
Score. The first visiting point will be the closest building either within the same re-
gion or in a region with a similar or lower Criminality Score. The same building was
selected as the first visiting point for this case scenario too. As depicted Fig. 8, no
building from the West Region of Attica was chosen because the high Criminality
Score adversely affected their overall attractiveness scores. Following the initial visit-
ing point, the algorithm selected the nearest building that aligns with the user’s pref-
erences from another region wi;[h a similar Criminality Score.

Fig. 7. Path without criminality map Fig. 8. Path with criminality map

5.3 Conclusions

Achievements. The proposed architecture successfully estimates paths for real-world
trips that respect user preferences and ensure safety achieving the following.
e  estimating criminality maps of an urban area based on real crime data.
e integrating criminality map data into the selection process of visiting
points for a personalized path estimation in a large-scale urban scene.
e cvaluating path among visiting points to select the safest options for the
user.

Limitations. Our architecture operates more efficiently as the criminality map divides
the area into smaller segments. The smaller these criminal segments are, the more
accurate the results from the path planning process that incorporates criminality map
data. In scenarios where numerous models are distributed among regions with varying
criminality scores, this architecture proves highly effective.

Future Work. It is important to note that there are additional features that could en-
hance the path planning process, such as integrating the physical street network. Mov-
ing forward, real time crime data reports among regions alongside physical street
network could improve architecture efficiency by selecting the safest and most distant
from crime scenes physical path within the same region.
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