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Abstract The current technological evolutions enter 3D geo-informatics into their digital
age, enabling new potential applications in the field of virtual tourism, pleasure, entertain-
ment and cultural heritage. It is argued that 3D information provides the natural way of
navigation. However, personalization is a key aspect in a navigation system, since a route
that incorporates user preferences is ultimately more suitable than the route with the shortest
distance or travel time. Usually, user’s preferences are expressed as a set of weights that
regulate the degree of importance of the scene metadata on the route selection process. These
weights, however, are defined by the users, setting the complexity to the user’s side, which
makes personalization an arduous task. In this paper, we propose an alternative approach in
which metadata weights are estimated implicitly and transparently to the users, transferring
the complexity to the system side. This is achieved by introducing a relevance feedback on-
line learning strategy which automatically adjusts metadata weights by exploiting informa-
tion fed back to the system about the relevance of user’s preferences judgments given in a
form of pair-wise comparisons. Practically implementing a relevance feedback algorithm
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presents the limitation that several pair-wise comparisons (samples) are required to converge to
a set of reliable metadata weights. For this reason, we propose in this paper a weight
rectification strategy that improves weight estimation by exploiting metadata interrelations
defined through an ontology. In the sequel, a genetic optimization algorithm is incorporated
to select the most user preferred routes based on a multi-criteria minimization approach. To
increase the degree of personalization in 3D navigation, we have also introduced an efficient
algorithm for estimating 3D trajectories around objects of interest by merging best selected 2D
projected views that contain faces which are mostly preferred by the users. We have conducted
simulations and comparisons with other approaches either in the field of on-line learning or
route selection using objective metrics in terms of precision and recall values. The results
indicate that our system yields on average a 13.76 % improvement of precision as regards the
learning strategy and an improvement of 8.75 % regarding route selection. In addition, we
conclude that the ontology driven weight rectification strategy can reduce the number of
samples (pair-wise comparisons) required of 76 % to achieve the same precision. Qualitative
comparisons have been also performed using a use case route scenario in the city of Athens.

Keywords Personalized path planning .Active learning . 3D scene exploration .GIS systems .

Virtual tour . Scene understanding

1 Introduction

The recent advances in information and communication technology boost research towards the
generation of personalized Geographical Information Systems (p-GIS) [7, 29, 30, 34] that allow
for the users to precisely plan their trips and enjoy their stays in a place fully respecting their
preferences [21]. In a p-GIS the “best route” is not defined only on geometrical criteria, such as
the shortest distance or the travel time, but it should mostly exploit user’s contentment, resulting
in an itinerary that fully respects users’ preferences (navigation through buildings / places of
user’s interest) [7, 29]. Most of existing personalized route guidance systems exploits a
two-dimensional geometric and/or thematic representation; they estimate routes
consisting of places/buildings of user’s interest (thematic representation) within a near
to the current user’s position distance (geometric representation). However, currently
three-dimensional navigation systems gain more popularity due to the fact that they
provide the natural way for virtual touring [23, 43]. 3D representation boosts a series
of new applications in the field of tourism, leisure and entertainment and cultural
heritage [33]. It is argued that 3D virtual tours offer something more that the ordinary
2D ones. For instance, they can potentially explain a story or even show up the space
[22]. Although 3D navigation imposes higher computational complexity compared to
the 2D approaches, the current technological evolutions make feasible the implemen-
tation of 3D geo-information systems (see for example Google Earth and Microsoft
Virtual Earth). This is the main reason, why we choose to focus on 3D navigation
systems in this article.

In a p-GIS, user’s preferences can be set manually or automatically [3]. Systems
that apply the manual selection are called “adaptable personalized route guidance
systems”, while systems that use the automatic method are called “adaptive personal-
ized route guidance systems” [46]. For both cases, the first necessary component is to
extract a set of features (metadata) able to describe either the overall properties of a
route (e.g., a small scenic road in contrast with a high speed freeway) or character-
istics of places/buildings (we call them objects) that the route consists of. Then, a set
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of weights are assigned to regulate the degree of importance of the extracted metadata
on route selection to provide personalization. For example, in case that a user is
interested in an itinerary that includes buildings of modern architectural style, the
weights that correspond to metadata of modern style take higher values than the
remaining ones.

In an adaptable personalized route guidance system (i.e., the manual case), weight assign-
ment is a quite difficult process; users should appropriately associate their actual preferences
with the extracted metadata, used to describe the objects and the scene, forcing the complexity
to the user’s side. However, usually, there is no a direct relationship between user’s preferences
andmetadata. On the contrary, adaptive personalized route guidance systems (i.e., the automatic
case) incorporate on-line learning strategies to discover common patterns in repeated relevant
(or irrelevant) previously selected routes. This way, the weights are automatically estimated
forcing the complexity to the system side. In this paper, we focus on second case.

A Relevance Feedback scheme is used in this paper as the on-line learning strategy
[37]. Relevance feedback is a powerful machine learning method, initially applied in
traditional text-based information retrieval systems [35], to automatically adjust meta-
data weights by exploiting information fed back to the system about the relevance of
previously selected routes [8, 14]. The relevance feedback component is combined in
this paper with an ontology driven weight rectification module that improves the
weight estimation process, especially in cases that few relevant/irrelevant routes have
been selected by the user, considering metadata relationships.

Metadata weights are then used to select personalized itineraries that fully respect
user’s preferences. This is achieved by incorporating efficient optimization strategies,
able, on the one hand, to suggest the most preferred routes based on minimization of
multiple geometric, thematic and user-centric cost criteria (called macro-path optimi-
zation layer) and, on the other, to estimate 3D trajectories around objects of interest
(called micro-path optimization layer).

Therefore, the research assumptions made in this paper are the following;

(a) each 3D object and route is described through a set of metadata (features),
(b) users’ preferences are modeled through a set of weights that regulate the degree

of importance of the scene metadata on the route selection process,
(c) a relevance feedback machine learning strategy is adopted to automatically adjust

metadata weights,
(d) an ontology-driven weight rectification mechanism is introduced to improve the weight

estimation process and
(e) optimization strategies are incorporated either to suggest the most preferred routes with

respect to user’s information needs or to recommend best views and 3D trajectories for
the objects of interest.

Based on the above, the main components of our system are the following.

The relevance feedback component In this paper, an inductive machine learning algorithm is
used to implement relevance feedback. We have selected this strategy since it offers
minimum user’s interaction (we do not force the user to get familiar with technical
knowledge of the system). In particular, the system depicts to the user a set of pairs of
two objects and then the user feeds back to the system information concerning judgments of
preferences between the two of them. Then, the inductive process is activated to automat-
ically adjust the metadata weights.
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The ontology driven weight rectification component One main difficulty in implementing
the on-line learning strategy concerns the number of pairs required to be submitted to get a
reliable estimation of user’s preferences. To reduce the number of comparisons needed and
thus the number of user’s interactions, in this paper, we introduce a novel weight rectifica-
tion algorithm that exploits relationships among the extracted objects’ metadata.

The macro-path layer: route planning component The goal of this component is to select the
best preferred route for a user by taking into consideration metadata weights as well as
several geometric and thematic criteria. As regards optimization, a genetic algorithm (GA) is
considered. The genetic scheme provides a solution much closer to the optimal one, faster
than other conventional optimization schemes. Additionally, GA provides scalability in
contrast to the traditional shortest path methodologies that they always yield the same
solution. Instead, in the genetic approach, we can improve route selection performance at
the cost of demanding more computational resources.

The micro-path layer: best view selection component This module selects best 3D trajectories
by merging projected 2D views of preferred 3D objects within an itinerary. A personalized
entropy metric is considered that takes into account, apart from geometric objects properties
(the volume that is projected from the 3D onto the 2D plane), the degree of importance of the
projected 3D faces, as expressed through the metadata weights, onto the 2D plane.

1.1 Related work

The current personalized route planning systems use a set of explicit metadata (usually
textual) to describe user’s preferences. Then, they apply an optimization procedure that
involves several multi-criteria factors to create the personalized route [29, 30]. However, two
main limitations are encountered; (a) textual metadata are not able to describe the rich
geographical content [14, 37] while (b) users’ preferences cannot be modeled through a
simple set of keywords [37]. Keywords are also inconsistent since they are dependent from
the indexer. To address the aforementioned difficulties, the work of [30] introduces an
ontological framework to provide a semantic description of the geo-referenced and contex-
tual information, such as tourist attraction, road safety issues (telephone, medical assistance)
and road facilities (gas station, services, terminal). Ontologies have been developed using
artificial intelligence to facilitate knowledge sharing and reuse and to establish a domain of
spatial information [4, 16, 17].

However, the work of [30] focuses only on the ontology representation and thus it fails to
provide on-line learning strategies, which are necessary for a truly personalized route
construction. Another approach introduces symbolic representation which is combined with
visual properties of the objects, extracted through the application of image processing tools,
to provide a cognitive spatial path planning [32]. However, again, this work is focused on a
better organization of the metadata (textual or visual) that describes the geographical
content, instead of applying personalized strategies able to capture the dynamics of the
user’s preferences.

Recently, the work of [31] has proposed a modified version of the Invasive Weed
Optimization (IWO) algorithm for personalized route planning. Although the presented
work provides an efficient framework for solving the personalized urban multi-criteria quasi
optimum path problem compared to other conventional optimization strategies (such as the
Genetic Algorithm), the approach of [31] does not incorporate on-line learning strategies in
the optimization process, which are required for estimating the dynamics of user’s
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preferences. More specifically, [31] focuses on the optimization algorithm as regards
personalized route planning in contrast with the presented research where the focus is given
on the Relevance Feedback component and the ontology driven weight rectification strategy
to dynamically update the fitness cost function according to user’s interaction. Additionally,
the presented work introduces a hierarchical framework for route planning estimation; the
macro path and the micro path layer optimization. The macro path is responsible for
computing the best route in a way that exploits the user’s preferences dynamics as provided
by the relevance feedback component, while the micro path layer for selecting the best
personalized views using on an entropy-based optimization. Furthermore, the approach of
[31] has been designed for path estimation between two points, whereas our research focuses
on the creation of a virtual tour of a city composing of multiple points of interest.

In [29], a generic model is proposed to calculate the most probable user preferred path
using historical data, as a prior path planning, and an on-line strategy of time dependent
routing selected using an approach of multiple criteria. The model integrates a pair-wise
comparison method and quantifier-guided ordered weighted averaging (OWA) aggregation
operators to form a personalized route planning. The main differences of the aforementioned
research approaches with the one presented in this paper are:

1. the use of a 3D navigation that enables users to facilitate personalized 3D experiences,
2. the relevance feedback scheme, as the on-line machine learning algorithm, which

automatically adjusts the metadata weights of the 3D objects based on an active
inductive approach that exploit information fed back to the system through user’s
interaction about the relevance of preferences judgments between pairs of two objects,

3. the ontology driven weight rectification strategy that improves the weight estimation
process, especially in cases that a small number of preferences judgments has been fed
back to the system by exploiting semantic relationships among the objects and the route
metadata,

4. the genetic optimization algorithm used to calculate the most probable user preferred
path based on a minimization of a combination of cost functions that describe objects’
properties, user’s preferences and overall route characteristics,

5. the introduction of a personalized entropy metric to estimate “best views” (preferred
views) for selected 3D objects in an itinerary by simultaneously combining geometric
constraints and user-centric criteria,

6. the integration of the aforementioned innovative aspects in a single platform in order to
offer the aforementioned facilities in real-world cases.

In the following we briefly describe for completeness state of the art methodologies as
regards individualized components involved in the proposed route guidance architecture.

Previous works in route planning A* and Dijkstra algorithms are probably some of the most
popular route planning techniques [12, 19]. Since the complexity of these approaches
increases with the increase of the size of the search space, near optimal solutions for path-
finding have been proposed [6]. Demyen and Buro implement two modifications of A* by
introducing an efficient triangulation-based path-finding scheme, namely Triangulation A*
(TA*) and Triangulation Reduction A* (TRA*) [11]. TA* exploits the Delaunay triangula-
tion to build a polygonal representation of the environment in order to reduce the path-
finding search effort. On the other hand, TRA* is an extension of TA* that abstracts the
triangle mesh into roadmap structures. On the other hand, Rogers and Langley implement a
personalized driving route recommendation architecture based on the Dijkstra’s shortest path
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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) [36]. 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 [27]. In
[26], 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 on a set of parameters and for each of
them a weight is assigned to in order to regulate their degree of interest. The parameters are
either pre-defined by the system or are set by the user [25]. Alternatively, the weight values
can be defined by constraint satisfaction techniques [5]. Other approaches exploit Genetic
Algorithms (GA) as regards estimation of the best route [1], with the focus, however, be on
the Field Programmable Gate Array (FPGA) implementation of the GA in case of real-time
controlling Unmanned Aerial Vehicles (UAV’s). Another method is the Analytical Hierar-
chical Process (AHP) that allows a systematic evaluation of multiple criteria, resulting in a
hierarchical structure that can help in personalized routing [38].

Previous works in best viewing algorithms Efficient approaches for calculating the best view
of 3D scenes have been presented in the works of [41, 42, 44]. All these approaches exploit
optimization strategies so that the best projected 2D views are selected in a way to cover as
much as possible the whole 3D surface information of the scene. Each projected view is
independently evaluated based on its complexity, measured as the total number of faces
projected onto the 2D plane. In particular, [41, 42] optimizes the area of the visible surface
over the sum of the area of the surface of the whole scene. Instead [44] introduces an entropy
metric that measures the projection complexity; views that maximize this information are
selected as the best ones. However, all the aforementioned approaches consider only
geometric constraints preventing from a personalized implementation.

1.2 Contribution

In this paper, we propose a 3D personalized route planning architecture. The architecture
automatically suggests to the user the most suitable itinerary for navigating into 3D worlds
that fully respect user’s preferences. To accomplish this, we initially extract a set of features
(metadata) from 3D objects and the route to describe their architectural, contextual and
environmental content. We also conceptually relate these metadata through an ontology. For
each feature, a weight value is assigned to regulate the degree of importance of the respective
feature on route selection. Then, we introduce an on-line learning strategy to automatically
estimate the metadata weights in a way that reflects user’s preferences. This is achieved
through the application of a relevance feedback machine learning algorithm. Finally, an
optimization process is adopted either to estimate the best preferred routes based on a
combined minimization of several cost functions that reflect geometric, thematic and user-
centric criteria or to recommend a set of 2D views from the selected 3D objects within the
itinerary that simultaneously optimize geometric constraints and user’s preferences.

The main contributions of this paper are summarized in the following:

1. In contrast with the current approaches dealing with personalized route planning, our
architecture incorporates an active inductive-based learning methodology able to fill the
gap between computers and humans by allowing high level concepts to be modeled in the
future GIS decision support systems. Therefore, the proposed framework permits modeling
of complex user’s preferences through the use of metadata extracted from low level
features.
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2. Preferences are implicitly extracted without imposing users to be aware of any technical
details regarding the metadata used in the geo-referred 3D environment. In particular, we
introduce a relevance feedbackmachine learning strategy that allows an automatic adjustment
of metadata weights, used to regulate the degree of importance of the features, by exploiting
information fed back to the system in a form of preferences judgments of pair-wise compar-
isons. Then, we apply the pair-wise comparisons to get an overall object ordering in the scene.

3. Another contribution concerns the framework under which we use the ontological
modeling. In this paper, we adopt the ontology not only for providing a human
perceptive concept modeling of the properties of the 3D objects as the current ap-
proaches do, but we exploit metadata interrelations in order to estimate in a better way
user’s preferences though a few number of training samples are exploited. This is
achieved by introducing a rectification strategy that corrects the weight estimation
process by exploiting the knowledge provided through the ontology.

4. Optimal route planning is accomplished based on a multi-criteria framework that
extends conventional shortest path methodologies enabling involvement of complex
cost functions while simultaneously retaining scalability in computational processing.
The latter permits direct implementation of the algorithm to terminal devices and
communication networks of heterogeneous capabilities.

5. A hierarchical framework is adopted for route planning estimation. The framework com-
prises macro-path and micro-path layer optimization. In the macro-path layer, we optimally
compute the best route from a start to an end point that includes the most preferred objects of
a scene according to user’s needs constrained with additional geo-referred criteria. In the
micro-path layer, we estimate the best personalized view for an object of interest depicted in
user’s screen. The latter is achieved by extending the current entropy-based best view
selection methodologies via a new personalized entropy metric, that measures not only
the geometric properties of a projection but also personal preferences.

This paper is organized as follows: Section 2 presents an overview of the proposed
architecture and the basic requirements of our system. Section 3 describes the metadata
(quantitative and qualitative) used to represent scene properties and the ontology. Section 4
reports on machine learning algorithms adopted to order 3D objects according to user’s
preferences and then to estimate the significance of the metadata. In Section 5, we describe a
multi-criteria route planning approach based on a GA optimization scheme, while Section 6
discusses the personalized entropy metric for selecting the best view and the personalized 3D
trajectories around selected objects. Finally, implementation issues and simulation results are
presented in Section 7, while Section 8 concludes the paper.

2 System overview and the main flows of the algorithms

Figure 1 presents an overview of the proposed personalized route guidance system. As is
observed, the proposed architecture comprises of five different modules; 1) the 3D object
modeling and metadata component, 2) the relevance feedback component, 3) the ontology
driven weight rectification component, 4) the optimal macro-path layer: route planning
component and 5) the micro-path layer: best view selection component. In Fig. 1, we have
also depicted the processing steps that take place within each individualized component (as
rounded rectangle boxes the number of which indicates the order of the respective processing
step). In Fig. 1, could see all the main components of the proposed personalized 3D navigation
system along with the order of execution of the respective processing units.
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Figure 2 presents the flowchart of the proposed adaptive personalized route guidance
system. Two different procedures are described. The first (on the left side) refers to the route

Fig. 1 An overview of the proposed personalized route planning architecture

Start

Read a Route query
from A to B

Apply GA to estimate
“best” route

Apply 3D navigation
process

Apply the micro-path best
viewing algorithm

Depicts the best 3D
views to the user

Case of new route
query

End

No

Yes

Start

End

Extract & store metadata of scene objects

Select pairs of objects to depict

User selects a preferred object
(between the two objects)

Estimate the overall ordering of the objects
through inductive learning

Apply the ontology driven weight rectification
algorithm to estimate metadata weights

Store metadata weights

Case of new pair-wise
comparison

No

Yes

Fig. 2 The flowchart of the proposed adaptive personalized route guidance system; a the flowchart concerning
the route and the best view selection procedure (macro-path/micro-path layer optimization), b the flowchart
concerning estimation of the weight factors used to approximate user’s preferences
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and the best view selection process. The user selects a start and an end point and the system
responds with the best preferred route. Then, within a selected itinerary and for the selected
objects of interest, the system returns the best views composing a personalized 3D trajectory
around objects of interest. The second procedure described in the right side of Fig. 2 shows the
main steps of the estimation of the metadata weights used to approximate user’s preferences. In
the following, we describe the flows of the basic components of the proposed platform.

Modeling and metadata flows Modeling aims at extracting metadata to represent either
the 3D objects of the scene or the respective routes (e.g., navigation paths). It is clear
that if we select more representative metadata (textual or visual), we can derive a
better performance regarding the overall personalized route guidance system. For each
extracted feature, a weight factor is assigned to regulate the degree of importance of
the respective feature with respect to user’s information needs. Initially, all the
weights have similar importance but as the system proceeds their values are automat-
ically estimated through the use of relevance feedback and the ontology driven weight
rectification strategy. Metadata and the respective weights are stored in a database and
then they are used for route planning and best view selection.

Relevance feedback learning flows In our system, we have proposed an active, inductive
learning policy for computing the final object ordering. In particular, the system selects pairs of
objects that are depicted to the user. Then, the user evaluates these objects and feeds information
back to the system indicating which of the two objects better fits his/her information needs. In
the following, the inductive learning algorithm takes place to estimate the overall objects’
ordering. Therefore, we propose an implicit methodology as far as user’s preferences estimation
is concerned. User selects a set of relevant /irrelevant objects or performs comparisons between
two objects and then leaves the system to automatically determine the respective user profile by
assigning a degree of importance (weight value) to each of the extracted object metadata. As a
result, the selection process is accomplished hidden to the users.

Ontology driven weight rectification flows The main difficulty of the aforementioned
approach is that a sufficient large number of selected pairs is required to get a reliable object
ordering. This is more evident for large 3D virtual worlds. Large number of samples means
that we need several feedback iterations to converge to reliable weights. To address this
difficulty, in this paper, we propose a weight rectification strategy that exploits metadata
relationships as described through an ontology. In other words, the general knowledge of a
virtual world, as expressed through the ontology, reduces the number of samples required for
a reliable estimation of the metadata weights.

Optimal route planning (macro-path layer) flows An efficient creation of a personalized 3D
geographical path includes, apart from the 3D objects (such as buildings) that satisfy as much as
possible user’s information needs, additional criteria, like for example, the distance of the path,
aesthetic factors of a route (e.g., route with parks, or with bars, or shops) and the services offered
over the path. All these multi-criteria factors are included in a common formula for optimization
in order to extract “the best”-with respect to user’s preferences- route. The main bottleneck of
such multi-criteria optimization is that it is computationally intensive, since all possible
combinations should be exhaustively examined [29]. In addition, such approaches lack scal-
ability in computational processing. Different types of client devices, such as mobile phones,
PDAs or laptops present quite different computational capabilities and therefore they require
scalable algorithms in the estimation of the personalized 3D paths.
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To address these difficulties, we introduce in this paper a genetic solution for the selection of
the most preferred route. GA incorporates quite well with the adopted multi-criteria approach,
yielding solutions close to the global optimumwithin an acceptable time of operations. Another
advantage is its scalability; the performance is regulated by the number of operations in the
sense that the more operations we apply the better solution we yield in contrast with conven-
tional algorithms the solution cannot be improved by demanding more computational power.

Best view selection (micro-path layer) flows The final stage of the proposed system
includes the algorithm used to estimate the best view of selected 3D objects within an
itinerary. In particular, initially the user selects a set of objects within a route and then
the best view selection algorithm calculates the most preferred 3D trajectories around
them that satisfy as much as possible user’s preferences as well as geometric
constraints.

3 Scene modeling and metadata

3.1 The scene metadata

Scene metadata are classified into those ones associated with 3D objects -involved in
the construction of the 3D world- and the ones related with the route. As far as
objects’ metadata are concerned, two different types are taken into account; the
qualitative and quantitative ones. Qualitative metadata include the type of building
use, building style, construction material, building location, attractive content and the
type of city block. Qualitative metadata are expressed in numeric form through a set
of discrete values arranging in our case from 0 to three [0,3] (0-none, 1-low/few, 2-
medium/several, 3-high/many). On the other hand, examples of quantitative metadata
include the building cost of visit, interactivity, popularity, age and geometry. For
instance, the “interactivity” metadata are defined as the number of clicks that a user
has been made on a 3D object by selecting it within an itinerary in order to enjoy a
3D navigation around it. On the other hand, ‘popularity’ descriptor indicates the fame
of a building as being important on a specific area and is defined as the average
clicks over all users.

Route metadata express the description of a path starting from an object u and
ending to an object v. Examples of these metadata are the level of safety of a route,
the number of services offered by this route (e.g., gas stations), or emotional prop-
erties of the route (i.e. a path of sightseeing, or of shops, or of cafes). However, it
should be mentioned that the proposed system is open to include additional metadata
regarding either objects properties or route characteristics (such as speed limit, traffic
conditions, number of junctions, and number of turns). It should be mentioned that
the main focus of this work is on the automatic adjustment of the metadata weights
which model user’s preferences to yield a personalized 3D navigation experience
rather than on metadata themselves. After all, metadata are application dependent,
meaning that different descriptions are required for different application domains. So,
future improvements can be obtained by providing more precise metadata.

An N-dimensional feature vector fu is used to gather all the metadata of the u-th 3D object in
a scene. The qualitative metadata are also included in the feature vector fu as discrete values in a
way that we have discussed previously. Besides feature vector fu, we denote as fu,v the feature
vector that includes the metadata of a route that starts from object u and ends to object v.
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3.2 Metadata interrelations through ontology

All the aforementioned extracted metadata (qualitative and quantitative) are semantically
interrelated with each other through the use of an ontology model. As we have stated above,
ontology has a dual purpose. On the one hand, it provides a framework for a more efficient
users’ preferences estimation since it improves the weight estimation though a small number of
preferences judgments (given in the form of pair wise comparisons) are fed back to the system.

The second purpose of the ontology is to model more complex concepts paving the way
for a human-perceptive navigation. For example, one can model, apart from the use of a
building (through the “building used for” metadata, see Fig. 3), the scope of visiting in a
building (e.g., educational scope) and what is expected for the visitor to gain from such a
visit. An example of creating more complex concepts through metadata interrelations is
presented in Fig. 4, where we define semantic properties of a 3D object enclosed around a
bounding box.

4 Active inductive-based learning process

The adopted active inductive-based learning strategy comprises of the following basic steps; i)
data ordering, ii) estimation of metadata weights and finally iii) weight rectification driven by
the ontology model.

Step 1 – Data Ordering: We initially construct a small set of representative objects (e.g.,
buildings). Then, two of them are depicted to the user for a pair-wise comparison. In
this way, we are able to construct directed (non-symmetric) graphs, the nodes of which
represent the objects of the training set, while the edges the pair-wise preference
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Fig. 3 The objects metadata used in the proposed route guidance system
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distance between the two objects. It can be proven that this pair-wise comparison is
adequate to order the preferences for all objects in the training set (see Section 4.2).
Step 2 – Estimation of the Metadata Weights: In this step, we exploit the object ordering
for all samples in the training set (see Step 1) to automatically define the metadata
weights for all objects of the scene, either within or outside the training set (see
Section 4.3).
Step 3 – Οntology driven weight Rectification: In the last step, we improve the initially
estimated metadata weights (see Step 2) by considering metadata relationships defined
through the ontology model (see Section 4.4). This step allows reliable weight estimation
even in case that few training samples are used, minimizing user’s interaction. The following
Table 1 summarizes the main steps of the active inductive-based learning algorithm.

4.1 Pair-wise comparisons

Let us denote as S a training set that contains representative 3D object (e.g., buildings)
instances. Let us also denote as g(⋅) a user preference function defined as

gðu; vÞ : SxS� > ½0 1� ð1Þ

where u, v ∊ S are two selected objects. Function g(u, v) defines the order between the object
pair (u,v) with respect to user’s preferences. More specifically, g(u, v) → 1 (or respectively

Table 1 Main steps of the pro-
posed active inductive-based
learning algorithm

Active Inductive-Based Learning Algorithm:

1. Construct a small set of representative 3D objects

2. For every new selected Object do

a. Update the training set

b. Apply algorithm 1 as described in Table 2

c. Apply the algorithm 2 as described in Table 3

d. Activate the algorithm 3 (see Table 4)

Educational_Scope Building_Use Building_Age

Building_Styles

Building_Components

City_Complexes

Building_Geometry

Scene

CameraWeather

Building_Location

Construction_Materials

Basic_education Caltural

Historical Scientific

Classical

Neoclassical

Modern

Cement Clay Glass

Marble Metal Stone

Wood
Interesting_Components

Educational

Residence

Public_services

Emergency_services
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Entertainment
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Relaxing

Acient

Old

New

Construction

Free_Area

Painting Relief

Building_complex
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Bounding_box

Side

buildings

cameraLocal_weather

Down_town Suburb

Outside_city

located Its_shape_is

age

type_of_box

containsmaterial

scope_of

Fig. 4 The ontological model used in the proposed architecture
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g(u, v) → 0) is interpreted as a strong recommendation of being u more preferred (or less
preferred) than v. On the other hand, a value around ½ indicates an abstention of making any
recommendation.

As we have stated above, we put the user in the process loop by allowing him/her
to judge which of the two depicted 3D objects is more preferred and feeding this
information back to the system. Function g(⋅) is sufficient to create an overall
ordering for all 3D objects (e.g., buildings) within the training set S. However, if
we had a social group, we would need to perform a weighted average policy for all
values of g(⋅) to estimate the group’s mean preference function [15, 24].

To do this, we need to construct a graph, the vertices of which are the objects within the
training set S, while the edges represent the value of the ordering function g(u, v) for the
object pair (u,v). Figure 5 presents an example of such a graph assuming a training set of four
objects as well as steps of the greedy overall ordering algorithm.

4.2 Estimation of the overall ordering

As mentioned in [9], NP-hard is the problem to derive the overall order for all
samples within the training set S, from the graph of the preference functions between
two objects. In computational complexity, NP hard refers to a non-deterministic
polynomial-time problem (combinatorial optimization), which requires exponential
time to be solved, that is, estimation of the optimal ordering among all 3D objects
of S, is practically unaffordable to be found.

To overcome this problem, we present an approximate algorithm. For each vertex say u, we
assign a value that indicates the difference between the outgoing and ingoing edges. We denote
this value as β(u) in the following (see the example of Fig. 5 for more details). Large value for
the outgoing metric means that object u is highly preferred by the user while the opposite is
valid for the ingoing metric (large values refer to objects of low significance to the user). In
other words, for each vertex of the graph, that is, for each object u, we have to estimate the
following metric

bðuÞ ¼
X
v

g u; vð Þ �
X
v

g v; uð Þ ð2Þ

It is clear that metric β(u) indicates a potential value of user’s preference regarding
object u. Then, by exploiting values of β(u), we can estimate a greedy algorithm that
approximate the overall ordering of all objects in S. In particular, the greedy algorithm

(1) (2) (3)

Fig. 5 (1) An example of preference function graph for objects a, b, c and d, (2) and (3) illustrate the greedy
overall ordering of objects a, b, c and d given their preference functions (source [8])
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selects from the graph as the most suitable object u the one that maximizes β(u) for
all objects within the training set S. In other words, the selected node is set to be
ahead from all the remaining nodes of the graph. In next step, we remove this node
(that is, the respective object) from the graph and then we update the potential values
of all the remaining objects (vertices) within the graph. This process is repeated until
no nodes are left in the graph as illustrated in Fig. 5. Table 2 outlines the pair-wise
comparison and overall data ordering algorithm.

The main advantage of the proposed algorithm is that it can provide an estimate of
the overall ordering of the objects in the training set S, by exploiting only pair-wise
comparisons. This way, we are able to better implement the interaction interface of
the proposed personalized route guidance system. That is, the user evaluates pairs of
objects as judgments of preferences instead of providing an overall ordering for all
objects which is in fact a very arduous process.

4.3 Estimation of the metadata weights

The main limitation of this approach is that the overall object ordering is approxi-
mated only from the objects within the training set S, that is, from objects that have
been depicted to the user for evaluation. However, as stated above, S is a small
representative set. Thus, it is quite probable to exist many other interested objects that
are not included in S and therefore not able to be ranked. In the following, we
represent an algorithm that overcomes this limitation by estimating the weights of the
metadata for all objects in the scene by taking into consideration the ordering
information in the training set S.

Table 2 The main steps of the algorithm used for pair-wise comparisons and data ordering

Algorithm 1: Data ordering: Returns for all objects in the training Set (u ∊ S) the preference value β(u)

1. For every object u ∊ S in the training set S do

a. Select an object pair, say u, v ∊ S

b. Depict this pair to the user and get an estimate of the function g(u, v):S×S − > [01]

2. Construct a graph G(0)v,e} the vertex of which are the objects in the training set and the edges the values of
g(u, v):SxS − > [01]

3. Estimate for every vertex of the graph the metric
β(0)(u) [see Eq. (2)]

4. Set n ← 0;

5. While (graph G(n)v,e} not empty) do

a. Selects the vertex bv of G(n)v,e}that corresponds to the maximum value of β(n)(u), bv ¼ max
u2G

bðnÞðuÞ
b. Assign to the object bv of the training set S, the value of bðnÞ bvð Þ
c. Update Graph G nþ1ð Þ v; ef g ¼ Graph Update GðnÞ v; ef g; bv� �

// Function G nþ1ð Þ v; ef g ¼ Graph Update GðnÞ v; ef g; bv� �
removes vertex bv from the graph and

update the graph.

d. Update metric β(n+1)(u) = Update_Metric(G(n+1)v, e})

// Function Update_Metric(G(n+1)v, e}) updates values of β(n)(u) of the graph G(n+1)v, e}

e. Increase n, n ← n+1

f. go to step 5.

6. Set β(u) ← β(n)(u)
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In particular, we exploit the metadata weights to define a quantitative measure of how
preferred are the objects of the scene with respect to user’s preferences.

SðuÞ ¼
X

wj
uf

j
u ð3Þ

In Eq. (3), f ju denotes the j-th feature element for object u, while wj
u the

respective weight. Equation (3) means that the most important feature elements with
respect to current user’s information needs are characterized by greater weight values
in contrast to feature elements of low significance to which low weight values are
assigned. Therefore, in (3) the most important feature elements contributes more to
the ordering metric S(u). One naïve way to estimate the weights wj

u are through
direct user assignment. However, such a manual process implies that the user has a
detailed knowledge about the extracted features being practically impossible for an
average user. An alternative way is to automatically estimate the weight factors wj

u

under an implicit and transparent to the user framework, by taking into consideration
the pair wise object comparisons during the training phase.

In particular, let us rank objects u ∊ S in descending order according to the values of β(u).
Let us denote as ui1 ; ui2 ; ui3 ; . . . the first, second, third … ranked object of S respectively. It
is held that b ui1ð Þ � b ui2ð Þ � b ui3ð Þ � . . . . Therefore, if we define the energy for the first K
ranked objects over all objects of S as

0 < EðKÞ ¼
PK
m¼1

b uimð Þ

PcardðSÞ

m¼1
b uimð Þ

� 1 ð4Þ

then we have that

EðKÞ � E K þ 1ð Þ ð5Þ

In Eq. (4) function E(.) has the form of a cumulative density function; monotonically increased

and bounded by unity. Thus, we can estimate the minimum number of objects bK required so that

the cumulative energy E bK� �
is greater or equal than a pre-defined threshold value a.

bK ¼ arg min EðKÞ � a
K

ð6Þ

Having estimated the most bK relevant objects according to the user’s preferences, as
provided by the learning algorithm over the training samples of S, we can, then, compute the
weight factors wj

u as the inverse ratio of the standard deviation of the respective feature

element over all the bK selected objects.

wj ¼ 1

std f jui1 ; f
j
ui2
; . . . ; f juiK̂

� �
þ d

ð7Þ
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where the std(.) denotes the standard deviation operator, while the f juim ,m=1,2,…, bK the j-th element

of feature vector fuim . Equation (7) means that feature elements that share similar values among all

the bK objects lead to large weight values (small standard deviation) since in this case the respective
feature element seems to be consistent with respect to user’s preferences. On the other hand, large
deviation values indicate no significance for the respective feature element. To avoid instability
issues occurred by a zero division, we have added a small constant value δ to the denominator of (7).
Table 3 presents a summary of the proposed feature weight estimation algorithm.

4.4 Weight rectification driven by the ontology model

In this section, we improve the weight estimation process by considering metadata
interrelations as defined by the ontology. The weight rectification allows a more
precise estimation of the weights in cases that few training samples are considered
(few user’s interactions). This is a very important practical aspect for the proposed
personalized route planning architecture, since it permits a very efficient mapping
between the extracted low-level features and the high level concepts used by humans
to perceive the content, though a small number of training samples are exploited.

Let us denote as A a matrix that contains the interrelations values among all
feature elements. Matrix A stems from the ontology model described in Section 3.
Let as also denote as w(0) a vector that contains all the initial weight factors wj as
estimated by (7). Then, at the n-th iteration stage, the weights w(n) are updated as

A � w n� 1ð Þ ¼ λ � wðnÞ ð8Þ

where l is scalar factor. Equation (8) can be solved at the steady state through the
eigenvector decomposition of matrix A. In particular, let us denote as ui the i-th
eigenvector of matrix A and as U a matrix concatenating all eigenvectors ui, that is
U ¼ � � � ui � � �½ � . Then, we have the new rectified weights given by

wr ¼ UT � wð0Þ ð9Þ

Table 3 The main steps of the algorithm used for the estimation of the feature weights

Algorithm 2: Feature weight estimation: Returns initial feature weights

1. Using the Results of the Algorithm 1: (Algorithm 1 is applied for all objects in set S and it gets preference
values of β(u))

2. Rank the objects in the training set S, according to the values of β(u)

3. Set a ← UserDefined and K ← 1

4. Estimate E(K) – see Eqs. (4) and (5)

5. While E(K) < a do

a. K ← K + 1

b. Update E(K), E(K) = Update_E(E(K−1), K)
6. Set bK  K

7. Select the feature vectors of all the bK ranked objects, fu1 ; fu2; . . . ; fubK
n o

8. Estimate weight factors for all elements of the feature vectors according to the Eq. (7)
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In Eq. (9), vector wr contains all the new rectified weight (see Table 4 for the algorithmic
form).

5 The macro path layer-route planning

5.1 Cost function

Let us define r as a route. Route r starts from a point (object) SP and ends to a point
(object) FP. We assume that the route includes M out of the N available objects in the
scene, apart from SP and FP. For instance, assuming that we have a scene of N=10
objects and that we would like to construct a route consisting of the M=4 most
representative objects, starting from the object SP and ending to the object FP then,
route r can be any of the combinations Comb(4,10), say, for example, the SP,1,3,7,9,
FP. Let us also assume that for each of these N objects, features (metadata) have been
extracted and metadata weights have been estimated using the learning methodology
of Section 4. Then, a preference cost function S(u) is computed for each object u of
the scene, using Eq. (3), that measures how preferred is the u object for a particular
user. It is clear that different users correspond to different values of S(u) for the same
object u.

Finding the optimal route using as cost function only the scores S(u) is a straightforward
problem since the only thing we need to do is to select the objects with the highest S(u) values.
This selection, however, is not adequate due to the fact that additional criteria should be included
in the optimization process (see Section 2). This leads to a minimization of an aggregate cost
function consisting of multiple criteria. These multi-criteria cost functions are discriminated into
two main categories; the ones that refer to the overall properties of the route and the ones that
refer to objects properties. Examples of cost criteria regarding a route are the route distance or
aesthetic factors of a route such as a route with many parks or a route with shops. The first
criterion can be extracted from distance maps while for the second we exploit emotional maps of
a city. We denote in the following as Ck(r) the k-th criterion that describe a route. On the other
hand, cost criteria that describe objects properties are defined through the preferences cost
function S(u). For each route/object criterion, a weight factor is assigned, say γi, to determine
the importance of this criterion to the overall aggregate cost function. The fitness function is
given by the following equation.

C ¼ g1 � C1ðrÞ þ g2 � C2ðrÞ þ . . .þ gm � S ϑ r; 1ð Þð Þ þ gmþ1 � S ϑ r; 2ð Þð Þ þ . . . ð10Þ
where ϑ(r, m) is an operator that returns the m-th object of route r.

Table 4 The main steps of the weight rectification algorithm driven by the ontology model

Algorithm 3: Weight rectification: Updates the weights using the ontology model

1. Form the matrix A from the ontology

2. Set a weight vector w(0) equals to that provided by the Algorithm 2: Feature Weight Estimation (see
Table 3)

3. Estimate eigenvectors of matrix A, say U

4. Update the weight factors as Eq. (9)

Geoinformatica (2014) 18:27–62 43



Then, the optimal route is retrieved by minimizing Eq. (10), i.e.,

r ¼ argmin
all possible r

C ð11Þ

It is clear that Eq. (11) is a combinatorial problem due to the fact that all possible routes should
be examined. Therefore, minimization of (11) is not a straightforward task, especially in real-world
cases where a large number ofN (objects in the scene) andM (objects in the route) are encountered.

One approach for solving the aforementioned multi-criteria minimization is to model it as
a travelling salesman problem [1]. In the travelling salesman the goal is, given a list of cities
(objects in our case), to find the shortest possible route that one visits each city exactly once.
In our problem formulation, the shortest possible route refers the minimization of the multi-
criteria cost function as the one presented in (10). However, again the complexity of this
problem is NP-hard, meaning that it is difficult to compute the optimal solution by estimat-
ing all possible combinations. Therefore, approximate heuristic solutions have been pro-
posed in the literature [1]. Examples include the nearest neighbor algorithm, which is a
greedy approach, that lets the salesman choose the nearest unvisited city as next move.
Although, this algorithm quickly yields a short route solution, the performance is not so
satisfactory especially in our case, where several multi-criteria cost functions are involved
(see Section 7.4). Additionally, such an approach lacks scalability. The algorithm produces
always the same solution even in case that we can tolerate more computational effort to
improve the optimization performance. There are also several other approximated heuristic
algorithms, such as the k-opt or v-opt heuristic with similar limitations such as the nearest
neighbor algorithm. For this reason, in this paper, we use a genetic algorithm to solve Eq.
(11). Genetic algorithm is a promising solution in case of NP-hard optimization problems. It
provides a framework for a guided and scalable search, reducing the number of combina-
tions needed to obtain the optimal solution.

Recently, a modification of the invasive weed optimization algorithm has been proposed as
an efficient tool for solving the personalizedmulti-criteria path planning problem. Themodified
invasive weed optimization algorithm seems to present advantages compared to traditional
optimization strategies and thus it can be considered as an alternative methodology to the
genetic algorithm regarding the best route selection. However, it should be mentioned that the
presented work does not focus on introducing a new efficient optimization algorithm for best
route selection. Instead, the main research is focused on the relevance feedback algorithm,
which automatically adjusts metadata weights by exploiting information fed back to the system
about the relevance of user’s preferences judgments given in a form of pair-wise comparisons,
and the ontology driven rectification strategy that improves the estimation of the user’s
preference dynamics by exploiting metadata interrelations defined through an ontology.

5.2 The genetic algorithm

Let us consider r(n) as a vector that contains the ordered indices of the objects belonging to
the selected route r. Index n indicates the iteration of the Genetic Algorithm. Initially, a
population Pð0Þ ¼ rð0Þ; . . . ; rLð0Þf g of L chromosomes (possible routes) is created as a
possible solution for the fitness function C. Although, in theory, the initial population can be
randomly selected, fast convergence is achieved in case that the genetic material of the initial
chromosomes is of somehow of “good quality”. For this reason, in our case, the L initial
chromosomes (routes) are selected as the ones having the highest S(u) scores among the 3D
objects [see Eq. (3)].
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Then, appropriate “parents” are selected so that a fitter chromosome (i.e., a route that further
decreases the aggregate cost function C) is generated at next iteration. This achieved by

assigning to each chromosome a probability equal to C riðnÞð Þ PL
i¼1 C riðnÞð Þ

.
and then we

select the next L chromosomes as candidate parents based on their assigned probabilities
through the roulette wheel selection procedure [28].

A set of new chromosomes (offspring) is then produced by mating the genetic material of
the parents using a crossover operator, which defines how the genes should be exchanged to
produce next generations. The next step of the algorithm is to apply mutation to the newly
created chromosomes, introducing random gene variations that are useful for restoring lost
genetic material, or for producing new material that corresponds to new search areas. In our
case, the genetic material of a chromosome is randomly mutated with a probability of pm. After
that, the next population P(n+1) is created by inserting the new chromosomes and deleting the
older ones. Several GA cycles take place by repeating the procedures of fitness evaluation,
parent selection, crossover and mutation, until the population converges to an optimal solution.
Table 5 shows the algorithmic form of the genetic-based route optimization method.

6 The micro path layer- best view selection

The aforementioned algorithm estimates a route that it is more comfortable by a specific user
according to his/her preferences and additional multi-criteria factors. Once a route is created
(macro-path layer optimization-Section 5), the next question is which is the best view of a
3D building projected onto the 2D monitor screen to allow users to perform a personalized
3D navigation around objects of interest. An entropy-based algorithm has been adopted in
this paper to estimate the best object views.

6.1 Entropy-based best view selection

According to Shannon’s theory [40], the entropy of a discrete random variable X with values
in the set a1; a2; . . . ; anf g is given by

HðX Þ ¼ �
Xn
i¼1

pilog2pi ð12Þ

where pi ¼ Pr X ¼ aið Þ is the probability of the random variable X to take the value of ai and
the log2pi the 2-base logarithm of pi. For continuity reasons the pilog2p1 ¼ 0 in case of pi=
0. Similarly, if we assume a set of k faces for a particular object u, we can use as probability
distribution the relative area of the projected faces over the sphere of directions centered in
the viewpoint p, that is [13, 45]

H x; uð Þ ¼ �
Xk
i¼0

Ai

4p
log

Ai

4p
ð13Þ

where Ai is the projected area of face i, while ξ denotes the view (2D plane) over which the
3D object is projected onto. Equation (13) implies a spherical coordinate system and thus
Ai 4p= indicates the visibility of the i-th face with respect to the point p.

The main difficulty of Eq. (13) is that the projected areas Ai cannot be straightforwardly
computed. For this reason, in this paper, we adopt an approximate calculation based on
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number of pixels of the i-th face projected onto a 2D plane over the total number of object
pixels. In this sense, Eq. (13) can be written as

H x; uð Þ ¼ �
Xk
i¼0

NPi

NPtotal
log

NPi

NPtotal
ð14Þ

Table 5 The main steps of the genetic algorithm for route planning

Algorithm 4: The genetic algorithm for route planning

1. Define the Start and Finish Point, SP ← UserDefined, FP ← UserDefined

2. Set the number of objects in the route M ← UserDefined and set n ← 0

//Produce L different route combinations,

3. For i=1 to L do // L is the number of chromosomes

a. r[n][i] = Set_Route(SP, Rand(M, N), FP)

//The function Rand(M, N) returns M randomly selected numbers between 1 and N.

4. Set Best_Cost ← Maximum_Value and Iteration ← 0

5. For i=1 to L do //i indexes the number of routes

//Estimate the Cost of the Objects in the Scene

a. Set Total_Cost_of_Objects ← 0

b. For j=1 to M+2 do //j indexes the number of objects

i. u = Retrieve_Object( r[n][i], j) //The function Retrieve_Object( r[n][i], j) returns the j-th element
from the combination r[n][i]

ii. Set S(j) ← Eq. (3) //Estimate cost function of the u object
using Eq. (3)

iii. Total_Cost_of_Objects ← Total_Cost_of_Objects + S(j)

//Estimate the Cost of the Route

c. Set Total_Cost_of_Route ← 0

d. For m=1 to Number_of_Cost_Functions do

i. Estimate the cost function of the route r[n][i], C[m] = Cost_Function(r[n][m],m); Cost_Function
returns the m-th cost for the route r[n][m].

ii. Total_Cost_of_Route ← Total_Cost_Route + C[m]

//Estimate the Overall Cost

e. Total_Cost ← Total_Cost_Route + Total_Cost_Objects

//Estimate the Best Route

f. If (Total_Cost < Best_Cost) do

i. Best_Cost = Total_Cost

ii. Best_Route = r[n][i]

// Crossover the L routes to generate L new routes

6. For i=1 to L do

a. r[n][i] ← mix(r[n][1], …, r[n][2]) // Crossover the elements of r[n][i] to perform new routes

// Apply mutation to the L new generated objects

7. For i=1 to L do

a. r[n][i] ← mutate(r[n][i])// Randomly change the elements of r[n][i]

8. If (Iteration < Max_Value) Go to Step 5.

9. Else Stop and set r ← Best_Route
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The problem with Eq. (14) is that the entropy at a particular view ξ is not related with
user’s preferences. For this reason, we extend Eq. (14), in this paper so as to include user’s
preferences in the best object view selection process.

In particular, let us recall that user’s preferences are modeled through the weights wr [see
Section 4 and Eq. (9)]. In the following, we omit superscript (r) for simplification purposes,
since we assume that all the weight values have been properly rectified by the ontology. The
weight element wj

u expresses the degree of importance for the j-th feature element of the u-th
3D object. Since the j-th feature element refers to one of the multiple faces that 3D object is
decomposed to, we can derive a personalized entropy using the values of wj

u . In particular,
let us denote as y u; fð Þ an operator that returns the weight indices which are related with
those metadata that describe the f-th face of the u-th object. For example, let us assume a 3D
object the material of one face of which consists of gypsum and the material of the other face
of marble. Then, operator ψ(⋅) returns the weight indices referring to the marble feature
element only in case that the specific face has this property. Therefore, the personalized
entropy for a particular object u is defined as follows

H x; uð Þ ¼ �
Xk
i¼0

NPi

NPtotal
�

P
for all n2y u;ið Þ

wn
u

P
j
w j
u

log
NPi

NPtotal
�

P
for all n2y u;ið Þ

wn
u

P
j
w j
u

0
B@

1
CA ð15Þ

Using Eq. (15), we can estimate the best object view that maximizes the entropy H(ξ, u).
The main problem for performing the aforementioned maximization is that the number of
projections ξ is infinity. To overcome this difficulty, we evaluate H(ξ, u) over discrete
(limited) viewpoints on the spherical coordinate system that encloses the 3D object. The
spherical coordinate system and the discrete points used to estimate best object views is
depicted in Fig. 6 around a 3D object of a church.

Table 6 shows the main steps of the proposed personalized best view selection procedure.

7 Platform implementation

7.1 Implementation details

The platform has been developed using the Google Earth Building maker tools. The
buildings are reconstructed as 3D models, each face of which is described using a set of
metadata. We assume that all the 3D objects have five faces (the face that points to the
ground is not considered), no matter of their 3D complexity. In particular, we represent all
3D objects as a “bounding-box” of five faces around the object as indicated in Figure 6,
where the 3D model of the national Gallery/Library of Athens is presented. The platform
exploits the Google Earth plug-in and the Google Earth virtual environment to visualize the
3D geographical data. We have developed a front end interface to handle user’s interactions
with the system and a back end module, called GIS Scene Explorer (GIS-SE), that contains
the learning, the Macro-path and the Micro-path processes as described in the aforemen-
tioned sections. Since Google Earth does not allow retrieval and management of 3D
geographical content, a separate geo-referenced database was used for this purpose in this
paper. The morphology and the texture of the ground were retrieved by the Google Earth’s
database to increase the overall scene visualization.
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In our simulations, the geographic area of the city of Athens in Greece was selected. To
verify the generality of our results, we have formed a large dataset of 700 3D objects of different
thematic categories (e.g., historical buildings, parks, contemporary houses, old factories). In
addition, all the results have been derived using 15 different experiments of routes of different
start and end points and the average precision-recall values have been depicted.

7.2 Evaluation metrics

The most common objective criterion used for evaluating the performance of a personalized
route planning system is through the precision-recall curve. We denote as Precision Pr, the
ratio of the number of relevant retrieved objects, say R(M), over the total number of objects,
say M, including in a selected route path [39]. That is,

PrðMÞ ¼ RðMÞ
M

ð16Þ

Fig. 6 a The spherical coordinate system and the discrete points used to estimate best object views, b The 3D
model representation of National Gallery/Library of Athens

Table 6 The main steps of the Macro Path Estimation Algorithm

Algorithm 5: The best object view selection algorithm

1. Set azimuth angle Phi ← 0 and inclination angle Theta ← 0

2. Set Best_View ← Mimimum_Value

3. For Theta=0 to 90, Theta + =Step do

a. For Phi=0 to 360, Phi + =Step do

i. Entropy ← Eq. (15)

ii. If (Entropy > Best_View)

1. Best_View ← Entropy

2. Best_Phi ← Phi, Best_Theta ← Theta
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On the contrary, recall Re is defined as the ratio of the number of relevant retrieved
objects R(M) over the total number of relevant objects including in the whole scene of the 3D
world, say G [39]

ReðMÞ ¼ RðMÞ
G

ð17Þ

For a “perfect” system, both Pr(M) and Re(M) should be high [39] (ideally equal one).
However, in real situations, as the number M increases, precision decreases, while recall
increases. This means that as the route complexity increases, it is more probable that
irrelevant objects, with respect to user’s preferences to be selected, decreasing the precision
ratio. On the other hand, complex paths impose higher probability to select more relevant
objects among all possible relevant ones resulting in an increase of the recall values. Because
of this, instead of using a single value of Pr(M) or Re(M), the Precision-Recall curve is
usually adopted to characterize the performance of a system.

In Eqs. (16) and (17), precision and recall have been estimated for a specific path.
However, to evaluate the overall performance of the system, many paths should be created
and then, for each path the precision-recall curve needs to be computed. The average values
over all routes yield the total precision-recall metrics. Let us assume that Q paths have been
examined, then, the average precision/recall, APr, ARe are defined as

APrðMÞ ¼
XQ
q¼1

PrðMÞ=Q AReðMÞ ¼
XQ
q¼1

ReðMÞ=Q ð18Þ

7.3 Simulations regarding the learning component

Initially a standard set of ten predefined objects is used to get an approximate estimate of
user’s preferences. In particular, all possible combinations of pair-wise comparisons of the
ten models are considered (forty five combinations) to create the initial user profile.
Afterwards, the learning module recursively updates user’s preferences by estimating the
most dominant feature elements, to fit the current user’s information needs. More specifi-
cally, each time a new pair-wise comparison is submitted to the system, new weight values
are estimated using the algorithm of Section 4.3. Feature element interrelationships, de-
scribed through the ontology, are also exploited in order to refine the initially estimated
weights. In this way, we conclude to a reliable weight estimation even in cases that few
samples are submitted to the system.

In order to understand the approach adopted in this paper, we present in the following a
use case scenario that clarifies system operation. In this scenario a user wishes to have a
virtual tour in the city of Athens and therefore he/she uses the proposed adaptive personal-
ized route guidance platform. The ultimate goal of the platform is to select a 3D navigation
route that satisfies his/her preferences. In order to achieve this, initially a set of pair-wise
comparisons is depicted to the user for evaluation purposes, as preference judgments, that
indicate which of the two presented objects is preferred against of the other. Figure 7
presents four characteristics screenshots, which clarifies the interactive training process. In
this particular example, the user selects the Acropolis archaeological place against the
Acropolis Museum [see Fig. 7(a)], while in Fig. 7(b) he/she selects the Temple of Olympian
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Zeus against the National Gallery/Library of Athens. Finally, Fig. 7(c),(d) indicate that the
user better prefers buildings of Neoclassical architecture1 such as the Greek parliament and
the National library of Athens against buildings of general purposes and public use (e.g.,
hotels and town hall buildings).

Then, the proposed on-line learning algorithm takes place to automatically adjust meta-
data weights and thus to model user’s preferences. Within a few number of comparisons, the
algorithm converges to a reliable set of user’s preferences expressing through the weights of
objects’ metadata. The ontology driven weight rectification strategy supports the reliable
convergence of metadata weights.

In this experiment, we have used 29 metadata to describe the 3D object, each of which is
associated with a relative weight. Figure 8 visualizes the convergence rate of the weights for
this particular experiment. In this figure, we have depicted only 18 weights out of the 29 in
total, just for clarification purposes. As is observed, the weights that are associated with the
“Ancient”, “Made from Stone” and “Made from Marble”, “Historical Education” and
“Neoclassical” metadata receive high relative values, since these metadata describe better
the archaeological places and the neoclassical architectural style which are preferred by the
user. The respective weight values indicates that the platform selects a 3D personalized route
that primarily composes, as much as possible, of archaeological places followed by Neo-
classical buildings. Instead, in systems where the weights are set manually, it is quite
difficult for simple users to exactly quantify their preferences by accurately defining the
respective weights for all objects’ metadata.

1 Neoclassical architecture is an architectural movement began in the mid-18th century as a style principally
derived from the architecture of Classical Greece and Rome combined with recent architectural movements of
18th century

Fig. 7 We present four screenshots as an explanation of our approach used to estimate user’s preferences
through the interaction process given in the form of preferences judgments (i.e., statements that indicate that
one object should be preferred against of another) that are then fed back to the system. a The New Acropolis
Museum is presented against the Acropolis Archaeological site and the user selects the Acropolis site. b The
temple of Olympian Zeus is selected against the National Gallery/Library. c The National Gallery/Library of
Athens is selected against the Town Hall. d The Greek Parliament is chosen against a hotel to indicate
preferences in architectural style
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The advantages of the proposed architecture compared with existing personalized route
guidance systems is the incorporation of the relevance feedback learning component, which
has the capability of automatically adjusting the objects’ metadata weights to capture user’s
preferences. Instead, in the existing approaches, user’s preferences are manually defined by
allowing users to adjust the weight values according to their information needs. However,
such an approach presents the drawback that manually setting all the weights by the users or
performing an overall ranking of all objects within the scene is an arduous task which is
practically impossible to be implemented, especially in large scale virtual scenes, where
thousands of 3D objects are involved. In the following, we present experimental results that
indicate performance of the proposed relevance feedback component in contrast with other
learning approaches. Comparisons have been performed quantitative, using the objective
criteria described in Section 7.2.

Figure 9(a) presents comparison results of the proposed relevance feedback learning
strategy against other learning methods, such as the method of [37] (relevance
feedback as inverse of standard deviation), in which the weights are updated inversely
proportionally to the standard deviation of the metadata over the relevant selected 3D
objects, being retrieved on previous iterations and the Analytic Hierarchical Process
(AHP) algorithm of [38] in which the weights are ranked with respect to the outcome
of a pair-wise comparison. Additionally, in this figure, we have presented the effect of
the ontology-driven weight rectification component on precision-recall curve. As we
observe, the proposed algorithm outperforms the compared ones in terms of precision
at a given recall value. Figure 9(b) illustrates the effect of precision versus the
number of feedback iterations which is directly related with the number of pair-wise
comparisons executed in the proposed adaptive personalized route guidance system.
All the results have been obtained at recall 50 %. In particular, we assume that in
each feedback iteration, a user interacts with the system selecting preferred (relevant)
objects between two depicted ones. As is observed, precision increases as feedback
iterations increase. However, the improvement ratio is saturated meaning that beyond
a certain limit of iterations no significant improvement is encountered. In this figure,
we also notice that the ontology-driven weight rectification strategy significantly
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improves precision due to the exploitation of the metadata relations involved. This
means, in other words, that the ontology scheme forces the algorithm to localize
“representative” samples able to cover the whole variations of the feature space.
Figure 10 shows the number of pair-wise comparisons on the system performance
as regards the precision-recall curve. Again, we observe that the ontology-driven
weight rectification strategy improves precision for all recall values even though a
small number of samples is selected.

7.4 Simulations regarding the macro-path layer component

Simulations are performed using three different methodologies; (a) the Dijkstra shortest path
method [12], (b) the nearest neighbor algorithm which provides a heuristic approximate of
the travelling salesman problem [18] and (c) a linear programming optimization policy [1].
Figure 11 compares the proposed scheme against the three aforementioned route planning
algorithms in terms of precision-recall. In all experiments, the proposed genetic optimization
(GA scheme) has been implemented at 1,500 iterations cycles. As is observed, the proposed
GA scheme outperforms the compared ones. 4
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Another advantage of the proposed genetic-based optimization approach is its
scalability. As we increase the number of iterations of the genetic algorithm, we are
able to also improve the optimization performance, at the cost of computational
complexity. However, in application scenarios where the computational cost is critical
or in cases that the capabilities of the terminal devices are not so powerful, we are
able to terminate the genetic optimization strategy earlier to save complexity at the
cost of performance. Figure 12 presents experimental results as regards the effect of
iteration cycles on the performance of the genetic algorithm. As is observed, the more
the iteration cycles we have, the better the performance of the route selection we
achieve. We also observe that few iterations are required in order the genetic optimi-
zation approach to retain a similar performance with the Dijkstra shortest path route
selection algorithm (see Fig. 12). It is clear that as the number of iterations of the
genetic algorithm increases, the precision, as defined through Eq. (18), increases for a

Fig. 12 a Precision-recall curve for different iterations of the genetic algorithm. b Comparison of the genetic
algorithm with the shortest path algorithm
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given recall value. It is also expected that as recall increases, precision decreases since
more objects are included in the selected route path, meaning that we have more
complex routes.

A factor that affects the precision of the route selection algorithm is the route distance that
a user can tolerate. In particular, if a user does not care about route distance, the genetic-
based optimization can find a solution that mostly satisfy his/her needs by including in the
itinerary most of the preferred objects. Instead, in case that the user considers routes with the
shortest distance from a start to an end point, the optimization algorithms fails to include
preferred objects in the itinerary reducing the precision performance of the system. The
regulating factors γi of Eq. (10) adjust the importance of route (path) distance to the
aggregate cost function. Figure 13(a) depicts the precision against the distance that a user
can tolerate for a route. In this figure, the performance has been shown for two different
iteration cycles of the genetic optimization algorithm. The results have been obtained as
average values over 15 different experiments where user selects different start and end points
and he/she sets a fixed route distance that can tolerate with. As is observed, as path distance
tolerance increases, the precision also increases since more preferred objects are included in
the itinerary. However, the performance rate decreases indicating saturation of the precision.
This is verified in Fig. 13(b) which presents the precision improvement versus the distance
that the user can tolerate. Precision improvement is derived as the derivative of the precision
curve of Fig. 13(a) indicating at which amount we can increase the precision by increasing
path distance. Another aspect that determines the performance of the proposed system is the
variation of the precision achieved over the 15 different experiments. As is expected
different precision values are encountered across the 15 different executed experiments.
Figure 13(c) shows the precision variation versus the path distance that a user can tolerate
with. As is observed, higher variations are encountered for short path distances. This is
expected since for short distances, precisions highly depend on the selection of the start and
end points. The opposite is valid for high path distance tolerance, where the effect of the
selection of the start and end point is minimized.

Figure 14 presents a subjective (qualitative) evaluation of the proposed genetic optimi-
zation strategy. Simulation results have been performed using the scenario described in
Section 7.3. We recall that in this particular case, the user prefers archaeological places and
buildings of neoclassical architectural style in his/her 3D navigation. In this figure, we also
present the route provided by the shortest path Dijkstra’s algorithm for comparisons pur-
poses. In particular, the shortest path algorithm yields the shortest navigation route that
connects SP and FP points. On the contrary, the proposed GA approach includes in the
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itinerary objects that are most preferred by the user at a cost of increasing the overall route
distance. However, the user is tolerant with such a distance increase. Figure 14(c, d) zooms
in two of the preferred objects of the itinerary extracted by the genetic algorithm, while
Fig. 14(e, f) shows two of the retrieved objects in case of the shortest path algorithm. As is
observed, in the first case, the National Gallery/Library of Athens and the Acropolis
archaeological site have been selected in the itinerary, which are consistent with user’s
preferences. Instead, the buildings, retrieved using the shortest path algorithm, do not satisfy
the actual user’s preferences.

7.5 Simulations regarding the micro path layer

In our implementation, each projected view of the 3D model is calculated on discrete points
around the spherical coordinate system (see Fig. 6(a)) for more details. Then, for the given
set of selected discrete view points, the ones that maximize the overall personalized entropy
metric for all the five faces are selected as the most appropriate for the user. In order to
understand the proposed algorithm, we discuss in the following, a use case scenario, where
the user selects the Greek Parliament, as an interest object to navigate around. Figure 15(a)
presents the best projected view obtained by maximizing the number of projected pixels of
the object faces over the total number of the object pixels, i.e., maximization of the entropy
metric of Eq. (14). Instead, in our approach, the best view is obtained by incorporating
additional criteria that capture user’s preferences, resulting in a maximization of the person-
alized entropy metric [see Eq. (15)]. The best three top ranked views are depicted in
Fig. 15(b, c, d). The Greek parliament is represented by a bounding box. Each of the four
surrounded faces have almost the same metadata (“Made from Marble”, “Historical Edu-
cation”, “Neoclassical”), but the upper face of the bounding box has “Made from Cement”
instead of “Made from Marble”. Since the user is more interested with marbles instead of
cement, the proposed personalized best view selection algorithm estimates views that are

a

c d e f

b

Fig. 14 a Generated path using the proposed GA approach, b Generated path using Dijkstra shortest path
algorithm. c, d Zoom in two preferred 3D objects of the itinerary retrieved by the proposed genetic algorithm
approach. e, f Zoom in two preferred 3D objects of the itinerary retrieved by the shortest path distance algorithm
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more suitable to user’s preferences instead of the conventional methods where only geo-
metric constraints are taken into consideration.

All the aforementioned figures demonstrate the outperformance of the proposed scheme
in terms of precision-recall against the compared ones. However, computational complexity
is still an issue. The proposed genetic-based scheme requires high computational cost than
the other methodologies, especially in cases that high iteration cycles are required. Never-
theless, this drawback can be also seen as an alternative advantage due to the scalable nature
of the genetic scheme. In other words, we can stop further executing the genetic algorithm
when the computational cost exceeds a maximum acceptable limit as defined by our
application case scenario. Instead, the aforementioned three optimization strategies lack
scalability; they always require the same computational time. Table 7 shows the computa-
tional complexity of the proposed genetic algorithm at different iterations compared with the
aforementioned conventional route planning algorithms, i.e., the Dijkstra shortest path
method, the nearest neighbor and the linear programming policy. The complexity is depicted
in Table 7 as a normalized ratio with respect to Dijkstra which provides the minimum cost.
In this table, we also depict the precision achieved at the given cost assuming a recall of
49 %. As is observed, the proposed genetic algorithm provides almost similar performance
for the same computational cost.

In Fig. 15(e), we have illustrated the 3D trajectory around the Greek parliament, which is
useful to support a personalized 3D navigation experience. The trajectory is formed by

Table 7 Performance and computational complexity of the proposed genetic based algorithm along with
other optimization strategies

Algorithm Precision Cost

Proposed method at 500 iteration cycles 49.7 111 %

Proposed method at 1,500 iteration cycles 59.8 332 %

Dijkstra 48.2 100 %

Nearest Neighbor 44.4 104 %

Linear Programming 41.0 146 %

a b c d

e

Fig. 15 a Best view selected using only geometrical properties. b, c, d Best view selected using geometrical
and human factors. e Indicating camera and speed trajectory of the selected viewpoints
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merging several top ranked views as obtained either by the proposed best view selection
algorithm or the conventional geometric approach. Blue regions indicate views that maxi-
mize the classical entropy criterion, that is, maximization of the projected area [see Eq. (14)].
Instead, red regions correspond to views that maximize the personalized entropy, that is,
geometrical and human factors [see Eq. (15)]. Similar results are also depicted in Fig. 14(c, f)
in which the personalized best views are also illustrated. We recall that Fig. 14(c, d) depict two
preferred objects as they have been retrieved using the genetic scheme while Fig. 14(e, f) two
objects being retrieved using the shortest path algorithm.

In the following, we evaluate the complexity of the best view selection algorithm.
It is clear that the complexity is straightforwardly proportional to the number of
examined discrete points on the semi-spherical bounding boxes. The more the exam-
ined points on the semi-sphere coordinate system are, the more the complexity is. It is
also clear that as the complexity increases, the performance is also improved. This is
verified in Fig. 16(a), which presents the entropy improvement versus the number of
selected points used. However, the ratio of the improvement is decreased, meaning
that beyond a certain number of points a slight improvement is achieved though
complexity continues to increase.

This is depicted in Fig. 16(b), where we plot the improvement ratio versus the compu-
tational complexity. These results have been obtained as the average over 50 experiments of
different 3D objects. Based on these figures, we can approximate an average number of
computations required to achieve a projected view of a 3D building close to the optimal
solution (94.6 % approximation). For example, in case that we use 65 different points on the
semi-spherical coordinate system, we can have a very good approximation of the personal-
ized entropy metric as is verified in Fig. 16(a). It is also clear that we can relax approxima-
tion accuracy for building of low user’s interest.

8 Conclusions and discussions

3D geo-informatics has entered the digital age enabling new potential applications in the
field of virtual tourism, pleasure, entertainment and cultural heritage. It is argued that 3D

a b

Fig. 16 a Improvement of the entropy versus the number of selected points. b The derivative of the entropy
improvement versus the number of selected points
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virtual tools provide the natural way of navigation since they can explain a story or even
show up the space of a world. Personalization is a key aspect for an efficient 3D navigation
since routes are selected not only using geometrical criteria, but mostly adhere to user’s
preferences. Personalization is often modeled through a set of weights that regulate the
degree of importance of the scene metadata on the route selection process. In existing
approaches, metadata weights are left to the user’s side who is responsible for defining
his/her profile. This, however, implies that the user is aware of technical details as regards
system implementation.

In this paper, we address the aforementioned difficulties by introducing an on-line
learning strategy in order to automatically adjust metadata weights according to information
fed back to the system about the relevance of user’s preferences judgments given in a form
of pair-wise comparisons. This way, we transfer the complexity in defining user’s prefer-
ences from the user to the system side. However, the main bottleneck of such approach is
that a large number of pair-wise comparisons is required to converge to a set of reliable and
stable metadata weights that properly model user’s preferences, especially in case that large
number of objects are encountered in the scene. For this reason, in this paper, we have
introduced a weight rectification strategy that improves the estimation of metadata weights
by exploiting knowledge and metadata interrelationships described through an ontology.
Metadata weights that define user’s preferences are involved in a multi-criteria optimization
process with the aim to calculate the most user’s preferred route. Multi-criteria route
optimization is a combinatorial problem and thus a genetic algorithm is used to estimate
an approximate solution. Another important aspect in a personalized 3D navigation is to
determine the way that the preferred 3D objects should be projected onto 2D screens. In this
paper, in contrast to previous approaches, we introduce a personalized entropy metric to
estimate the best projected 2D views taking into account not only the geometric complexity
of the projection but also the degree of importance of the projected faces as defined through
the metadata weights.

All these components have been integrated in a single platform and comparisons have
been conducted to demonstrate the outperformance of the proposed route guidance system.
In particular, as far as the on-line learning strategy is concerned, we have compared it with a
relevance feedback scheme that estimates metadata weights inversely proportional to the
standard deviation of the feature elements over all relevant selected objects [37] and with the
Analytic Hierarchical Process (AHP) algorithm [38]. We observe that the proposed learning
scheme yields, on average, a higher precision value of 8.1 % (or equivalently an improve-
ment of 13.93 % of the proposed scheme in relation with the method of [37]) over all recall
values than the second best compared learning strategy which is the method of [37]. In
addition, we have performed simulations to illustrate the effect of the weight rectification
strategy through the use of the ontology. We conclude that, in this case, we can reduce the
number of samples (pair-wise comparisons) required of 76 % to achieve the same precision.

Regarding route optimization, we have compared our genetic algorithm (GA) with three
methodologies, the Dijkstra shortest path method, the nearest neighbor algorithm and a linear
programming optimization policy. In all cases, the proposed GA method yields, on average,
higher precision value of 4.76 % (or equivalently an improvement of 8.75 % of the proposed
scheme in relation with Dijkstra) over all recall values than the second best one (i.e., the Dijkstra
shortest path), however, at a cost of an increase of the overall path distance. In particular, in case
that a user does not care about route distance, the genetic optimization can find a solution that
mostly satisfy his/her needs by including in the itinerary most of the preferred objects. Instead,
in case that the user considers routes with the shortest distance from a start to an end point, the
optimization algorithms fails to include preferred objects in the itinerary and the performance of
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GA is similar to the other compared methods. The limitation of the GA is that it
requires high computational cost compared to other methodologies, especially in cases
where high iteration cycles are included. However, this limitation can be also seen as
a potential advantage of the GA since it allows a scalable implementation; we can
improve the optimization performance at the cost of demanding more computational
effort. At the end, our simulations have been demonstrated that the proposed GA
optimization algorithm provides better performance than the compared techniques for
the same computational cost. Finally, experimental results as regards the best view
selection algorithm indicate that we can increase the degree of personalization for 3D
navigation. In particular, we are able to estimate personalized 3D trajectories around
the preferred objects by merging projected 2D views which have been estimated not
only using geometric constraints but also the importance of the projected faces as
defined through the metadata weights.

Of particular interest for future work is to improve the route selection algorithm by the
use of modern optimization techniques, such as particle swarm optimization, ant colony or
the artificial bee colony algorithm, which are promising in solving combinatorial problems
[10, 20]. Moving forward the modified IWO algorithm for personalized multi-criteria quasi-
optimum path problem (PUMMQPP) presented in [31] can be also used as an alternative
optimization process for route planning of the ‘Macro Path’ instead of our GA approach.
Another aspect for future research is to incorporate 3D geometric constraints in the con-
struction of 3D trajectories which increases the complexity of the optimization.
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