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Navigation devices that are tailored to the user's preferences offer personalized
routes. When multiple users are involved, it can be hard to find a route that suits
everyone's preferences and avoid conflicting interests. A decision support system
can improve the quality of user decisions. Traditional systems typically consider
only the predefined preferences of one user or a group with similar preferences.
This study aims to develop a decision support system for a group of people with
diverse preferences, using a method that considers their experiences regarding
time and space. The method utilizes 10T, agent-based modeling, multi-objective
optimization, and crowdsourced data to create a personalized navigation system
for a group, such as a family car, that considers each group member's preferences.
The study uses simulation to demonstrate how this method can be applied, and it
is created using Grasshopper for Rhino and add-ons. The main original contribution
of this research is to show how social aspects can be incorporated into personalized
navigation systems for a heterogeneous group. The major challenge was the data-
sharing policies.
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Kullanicinin tercihlerine gore uyarlanmis navigasyon cihazlari, kisisellestirilmis
rotalar sunar. Ancak, birden ¢ok kullanici s6z konusu oldugunda, herkesin
tercihlerine uygun bir rota bulmak ve ¢ikar ¢atismalarindan kaginmak zor olabilir.
Bu baglamda karar destek sistemleri kullanicilarin = kararlar almalarini
kolaylastirabilir. Geleneksel sistemler tipik olarak yalnizca bir kullanicinin veya
benzer tercihlere sahip bir grubun énceden tanimlanmis tercihlerini dikkate alir. Bu
calisma, farkl tercihlere sahip bir kullanici grubu igin, zaman ve mekanla ilgili
deneyimlerini dikkate alan, karar destek destek sistemine dayali bir yéntem sunar.
Bu yontem, grup Uyelerinin tercihlerini dikkate alan kisisellestirilmis bir navigasyon
sistemi olusturmak icin Nesnelerin interneti, etmen tabanli modelleme, cok amagh
optimizasyon ve kitle kaynakli verileri kullanir. Calisma, bu yéntemin nasil
uygulanabilecegini gostermek icin Grasshopper ve Rhino kullanilarak bir similasyon
gelistirir. Bu arastirmanin orijinal katkisi, heterojen bir grup icin kisisellestirilmis
navigasyon sistemlerine sosyal yonlerin nasil dahil edilebilecegini gdstermektir. Bu
calismanin karsilastigi en blyuk sikinti veri paylasim politikalaridir.
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1. INTRODUCTION

Today, mobility has started to be affected radically by the idea of auto-
driving cars due to improvements in the realm of information
technologies. The applicability of these autonomous systems is still in
its infancy in terms of the current technology's reliability, yet even their
partial implementation changes users' in-vehicle experience. In fact,
many car brands have started to incorporate sensor systems detecting
the stress level of users in order to switch to auto-driving mode.
Connecting with the in-vehicle systems, users can care more about the
surrounding. In this regard, customized tools embedded in the vehicle
system, such as navigation systems producing unigue content specific
to each user, become important. Personalization in navigation systems
is not a new topic, yet it should be reviewed regarding an experience-
oriented approach. The term experience is used here to indicate the
convergence of time, place, and social dependence.

"Time" refers to the change in users' mood and the change in the use
of recommended places over time. Location-based suggestions are
determined by the preferences of users, and these preferences are tied
to the mood of users. Therefore, user profiles and especially
preferences should be reviewed in terms of the current mood of users.
Toillustrate, a user may like to visit a coffee shop just before arriving at
work, yet he/she may not prefer drinking coffee when being nervous.
The same place can also hold different activities such as yoga classes
and live concerts in different periods. Therefore, a recommended place
is beyond being a single location. It is the convergence of time, activity,
and space. Therefore, the term "place" used in this paper stresses the
functional use of a space in time. The third point, which is called "social
dependence," indicates the dependency of decision-making based on
our experience within a social group, such as the existence of a person
or a situation that has priority. The presence of other people (the
plurality of users) will have a voice in determining our preferences. For
instance, having a priority person or a situation in a car (dominated
agents) such as a baby, a patient, and a sleeping person affects
preferences. In this regard, this paper discusses decision making in
determining preferences from the social level because making
decisions is also affected based on our personal experiences in the
social environment in which we stand. The coexistence of above-
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mentioned three points is neglected in the existing routing systems.
However, these points directly affect how we experience and therefore
affect our decision making in defining preferences. In detecting
common preferences, however, it may be difficult to get a consensus
in a heterogeneous user group even if they know each other such as
families. Because preferences might conflict with each other, a decision
support system (DSS) for multi-user serves as a valuable start to
improve quality of decisions in personalized routing devices. Therefore,
the focus of this research is on the DSS concerning an experience-based
approach in personalized routing for a heterogeneous group.

In collecting data in the proposed DSS, user moods are expected to be
determined via in-vehicle sensors, and decision making takes
consideration into the priority of agents. In defining common
preference(s), multi-objective optimization is performed, and non-
dominated preference(s) become keywords to search locations on
social media because crowdsourcing offers up-to-date feedbacks
increasing the variety of the content for which users seek. The pictures
or tweets have geographic positioning information where they are
taken, so they provide sources to determine routing nodes.

This paper discusses the relevant background to reveal the original
contribution of this study, which introduces a DSS. The DSS depends on
the Internet of Things (IoT) and agent-based modelling (ABM), and a
relevant case study exemplifies the applicability of the method over a
family car with a father, a mother, and a child. The results show that
evaluation of personalized routing over social aspects opens the doors
towards discoveries to improve digital tools. The major problem which
is faced is reaching labelled data without access limitations. In
consequence, the significance of the study is discussed together with
the limitations and recommendations for future studies.

2. BACKGROUND

The relevant studies in the existing literature are examined in relation
to personalized routing, crowdsourced data, simulation of human
behaviour, multi-objective optimization, and recommender systems,
respectively.
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Sha et al. (2013) offer a system based on crowdsourcing. The system
advocated by the author integrates driver-provided information into a
vehicle navigation system in order to calculate personalized routing. It
allows drivers to register into certain vehicle social network groups in
order to share driving experiences with other drivers using voice
tweets. A driver can instruct the social navigator to avoid or choose
specific road segments in generating personalized routing. Also, Majid
et al. (2013) evaluate personalized routing but based on geotagged
pictures in social media to offer tourist locations on landmarks in a city.
Similarly, Mermelstein (2017) evaluates a personalized navigation
system depending on crowdsourcing. The author describes
crowdsourced data collection as a participatory method of building a
dataset with a large group of people. According to the author,
navigation products and services provide the same content to
everyone, present with the same navigation platform as everyone else,
and a user must manually manipulate a proposed route to customize
the route according to user preferences. Mermelstein (2017) suggests
a need for a system allowing the crowdsourced collection of location-
based data that can be used to update and maintain location-based
data supplied to a navigation service that does not require direct input
from the network of users to gather the updated data. There is also a
need to provide customized navigational services that allow a user's
preferences to affect the route provided by the service. Likewise, Wan
et al. (2018) offer a method based on Bayes and Knn using geotagged
Flicker pictures. The authors claim that the results of their study are
better in accuracy than context-aware pattern recommendations.

Studies mentioned above offer unigue content specific to a user or an
event. However, they neglect one of the most significant concerns:
human behaviour under different periods in a social context. Huang et
al. (2014) offer a method for routing incorporating responses of people
to the environment. The authors represent how these responses can
be modeled and collected through two types of questionnaires. Video
and map tasks are given to participants, and it is discussed how to
improve automatic route planning based on their responses.

Similarly, Sopher et al. (2016) focus on simulation of human behaviour
in built environments using an actor profiling method. This method is
significant in discussing the translation of how social values in a digital
environment. The convergence of social and numerical aspects is
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achieved by defining an event-based model defined over space,
activity, and actors.

Another critical point in designing a recommender system is to find the
optimal solution values of more than one desired goal. As it is intended
to create a recommender system for multi-user, we have multi-criteria
that should be achieved simultaneously in an optimal manner. In
literature, Multi-objective Optimization (MQOO) is preferred when
problems have more than one objective. MOO has a multi-dimensional
space of the objective function vector and the decision variable space
of the solution vector. In every x solution in the decision variable space,
there is a point on the objective function space (Gunantara, 2018). The
following Equation 1 shows the mathematical representation of MOO.
Accordingly, x is a solution, n is the number of objective functions, U is
a feasible set, fn (x)is the nth objective function, and min/max is
combined object operations (Gunantara, 2018).

Subject to: x €U; min/max f1(x), f2(x), ..., fn(x) (1)

It has two main methods as scalarization and Pareto. The former
creates multi-objective functions made into a single solution using
weights, while the latter has a dominated solution and a non-
dominated solution obtained by a continuously updated algorithm.
According to Gunantara (2018), several reviews have been done
regarding the methods and application of MQO, but these two methods
do not require complicated mathematical equations making the
problem simple in this manner. Zheng and Liao (2019) benefit from the
Pareto method in order for heterogeneous tourist groups to design
personalized tour routes. According to the authors, tourism activities
are typically group-oriented, and the preferences and goals of group
members may completely differ or even conflict with one another.
Therefore, Pareto optimality is adopted to be used for the design with
a nondominated sorting heuristic approach.

Another study in the field of recommendation systems for multi-user is
conducted by Quan and Cho (2014). The authors offer a hybrid system
depending on the analytic hierarchy process (AHP) and Bayesian
networks for smart TV. Bayesian networks are used to infer each user’s
genre preference as well as program preference, while AHP is used to
predict group genre preference and choose recommended programs.
For instance, Kengpol et al. (2008) developed a DSS model integrating
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AHP to achieve maximum satisfaction by considering the priorities of
both customers and operators. The presented approach minimizes
transportation costs while maximizing satisfaction in distributing goods
between the distribution center and the customer. As the users,
products, and spatial environment of the urban delivery models have
huge variations, these models also need to solve similar problems, such
as the existence of multi-user scenarios, varying priorities like primary
users, sensitive cargo, and dynamic delivery addresses. According to
Palanca et al. (2021), traditional vehicle fleets are transforming into
more open fleets where members can decide whether or not to be part
of the fleet and perform certain services. This distributed decision-
making process makes management and control of open fleets
complex, necessitating simulation tools.

As stated above, personalized routing in existing studies is studied
mainly in the tourism sector and in-vehicle systems. In the tourism
sector, actors are tourists who visit new places. That is, the
environment is new to them. In this research, we recommend places
not only in a new environment but also in a familiar environment. On
the other hand, studies regarding in-vehicle personalized routing are
conducted for a single user, and they focus on the development of the
navigation system.

Moreover, preferences are set at once; still, they may change according
to the conditions, such as the moods of people. In addition, suggestions
have remained only as locations; however, a place can function
differently in different periods. For example, a café may also serve as a
concert hall on weekend evenings. In this regard, social media becomes
significant to take up-to-date data based on experiences in order to
tackle such problems. Therefore, this paper differs from the existing
studies on personalized routing in encapsulating the following
considerations at once.
e This study considers social aspects in defining agents in the
decision support system.
e A place is defined, indicating its functional use in time rather
than defining only a location.
e In-vehicle systems are studied for a heterogeneous group
rather than for a single user or a homogeneous group.
e The preferences of users are associated with their current
moods in time.
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e |t allows exploring places users have missed on their daily
routes in which they are familiar.
The above-listed aspects are the significant points outlining the
contribution of this paper to the relevant literature. The flow of the
research method is evaluated based on these points.

3. METHODOLOGY

The main motive in outlining the research method in obtaining required
data comprises optimization for multi-objective and processing
crowdsourced data.

The former depends on the Pareto method to optimize preferences of
a heterogeneous group of people in order to obtain a non-dominated
preference. This preference will become a keyword to search into social
media. The Pareto method is selected, each user has his/her different
evaluation criteria in determining weights. For instance, two users can
differently vote the same preference that they like almost equally. Since
the Pareto method focuses on non-dominated preferences, it becomes
useful not to eliminate a person who gives lower weights.

The latter uses content-based filtering from crowdsourcing. The
determined non-dominated preference is searched within geotagged
places shared in social media to obtain up-to-date data. In this manner,
locations are associated with its current usage. Then, these obtained
data become inputs to determine the nodes to be linked for routing.

Based on these two major points, it is proposed a flow having three
main parts (Figure 1) as obtaining data from users in the car (in-car
inputs), obtaining data from location-based services (environmental
inputs), and processing all data to create a personalized route. In the
first part, users determine their preferences in the user interface of a
mobile application. All preferences are then voted by users in the range
from 1to 9. In case there are missing points, matrix factorization is used
to estimate these missing parts. Then, MOO is performed for the non-
dominated solution to further evaluate for crowdsourcing. MOO is
associated with the moods of users who are present in the car. The
priority in decision making changes according to this presence. The
number of users determines which type of Pareto methods such as 2D
or 3D Pareto should be implemented. If there is only a single user, there
is no need to use Pareto optimality. In the second part, environmental
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Figure 1: Conceptual scheme
for the framework.

data are obtained from social media by searching non-dominated
preferences. Places becoming a point of interest (POI) are determined
for processing. Finally, personalized routing is created based on Google
Maps.

PRE-DEFINED VOTED
PREFERENCES

DOMINATED SOLUTION
OF USER PREFERENCES

MAPS FROM OPEN
STREET MAPS

NUMBER OF USERS
IN THE CAR

LIVE LOCATION |

CROWDSOURCED
DATA

|

N
| DESTINATION

A
CREATING THE ROUTE ]

The presented scheme in Figure 1 is extended in detail under two titles
as setting up user profile and processing. The former defines the
necessary information that should be acquired from users to initiate
the recommendation system. The latter, on the other hand, defines
how processing behind the system works. These two titles are
explained, respectively.

3.1. Setting up user profile

The user setup starts with creating a personal identity comprising
username, age, profession, and sex. It is required for collaborative
filtering if it is needed. Once the profile is set, users and situations
having priority, such as a child and a sleeping person, are defined as
dominated agents, and their preferences are determined separately
from the preferences of other users. Except for the dominant agents,
all preferences are determined based on different moods, such as being
tired, energetic, and stressed. All collected preferences obtained from
all users sharing the same car are ready to be voted by each individual.
In case users do not vote for all preferences, collaborative filtering
based on matrix factorization (Ng, n.d.) predicts missing ratings. The
logic behind this technique is to recommend products based on a
similar customer rather than similar content. It is a machine learning
technique where recommended things depend on patterns the
machine has observed in other people whose preferences are similar
to those of the user.
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Are you a person having priority
such as a baby or patient? e

determining user identity

Please fill each section indicating your mood: Type your preferences.

Tired I Energetic [ Stressed

/ Y
L Type your preferences. J ‘ Type sleeping mode preferences.

Vote preferences.

determining user preferences

Search similar user profiles among the
recorded users in the system.

A
Recommend items based on
similar pattern of preferences.
estimating missing votes of
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matrix factorization in
collaborative filtering
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- -
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o

Record the user profile and type:
Thank you for your contribution.

determining user
— T e e e e e ——————= accessibility settine
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indicating setup of user
interface.
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The reason to offer matrix factorization based on collaborative filtering
is to reduce space in storing data and work with unlabelled data. For
instance, using this technique, the system holds 300 thousand features
instead of 2 million features when 2000 users and 1000 entries. As it is
not easy to obtain labelled data, this technique also estimates latent
features hidden in the preference data. The matrices of these feature
data, which are determined randomly, are multiplied to estimate
preferences. These estimated preferences are compared to the existing
preference data, which are already voted. Based on this comparison,
the error function of the test data is calculated, and the training data
set is reformulated. The iterations continue until the error is equal to
almost zero. This process is called stochastic gradient descent (Zhu et
al., 2017), used for finding the right factorization.

All the preferences are expected to be weighted by using matrix
factorization, yet the system may face a cold start problem indicating
the circumstances which are not yet optimal for the engine to provide
the best possible results. For instance, the training data set for machine
learning might not be good enough to work in the desired manner.
Hence, the proposed flow asks users whether they are willing to share
their preferences with the recommender system to estimate better
results and cope with the cold start problem. If they accept sharing their
data, users' accessibility settings become open to the recommender
system without exposing their identity to anyone else. All these
mentioned steps outline user profile settings, which are depicted in the
flowchart in Figure 2.

3.2. Processing

Once user profile settings are accomplished, processing behind the
recommender system start whenever it perceives someone using the
car. This presence of the users is determined by checking the GPS of
the user's mobile phone. Whenever a user interacts with the car,
sensors detect the current state of users' moods, and the system
evaluates corresponding preferences based on the Pareto method to
obtain non-dominated preference(s). Based on the number of users,
the MOO technique changes slightly. The essence, however, is the
same. If there is only one person, the system only concern with the pre-
defined and already voted settings. In case settings have not been
weighted, the system estimates weights based on similar users'
patterns by using the matrix factorization technique.
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processing behind personalized
routing.
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Once all ratings are determined, the number of users defines options
to proceed as indicated in the following statements.

e A: the process for a single person. In this case, individual
preferences are selected without using Pareto.

e B: the process for more than one person based on Pareto
optimality.

For instance, if there are two people in the car, the 2D Pareto method
is used. Similarly, the 3D Pareto method is used for three people in the
car. 2D and 3D respectively mean two and three objectives that are
tried to be achieved simultaneously. In this research, objectives
indicate the preference of each user. The logic of Pareto optimization
depends on the domination of alternatives when compared to each
other. In this sense, preferences are optimized, and remaining results
are ready to be searched as labels among the crowd-sourced data.

Non-dominated preference is indeed a keyword to be searched among
relevant contents. This content-based filtering obtains a point cloud
indicating locations where there is similar content. The point cloud
already highlights the concentration areas whose locations serve as
anchor points. Connecting these points, which are the nodes, the
routing is defined. However, the location of the points should be listed,
and the list should be sorted to cull the pattern. Otherwise, there would
be a noisy point cloud causing difficulty in defining a precise route. Once
the list is ready, routing is generated based on the live location and the
destination point. Users can specify whether they desire to avoid
certain roads such as highways. These roads are eliminated from the
list in route generation.

The system needs labelled data of the roads to initiate routing. If the
model is processing a large amount of data, it may take longer to
respond. Data can be obtained from open-source platforms, such as
Google Maps. There is also available software in the market allowing
any user to search for crowdsourcing such as Mosquito for
Grasshopper. All these mentioned steps are shown in the flowchart in
Figure 3 that will perform personalized routing for multi-user.
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4. CASE STUDY

The case study's scope is to create a simulation to exemplify how the
proposed flow of DSS works over a family car for three people: a father,
a mother, and a child. The reason for selecting a family as a sample
target user group is that a family has a social role diversity. A social role
indicates the roles which individuals play in a society, such as being a
father.

USER PROFILE PROCESSING

determining user identity —® | @— determining current state

GPS in mobile phones

Firefly for translating

duino software

®— determining non-dominated preference(s)
based on Pareto Method

Grasshopper

determining user preferences —®

manually voting in the user profile

estimating missing votes of user preferences based —e@
on matrix factorization in collaborative filtering

ey 1) giving random values to feature matrices
2) calculating training raitings

3) calculating error function

4) lambda

5) iterations

Preference | Preference2 | Preference 3
[F1 9,7 4,7 32
[F2 55 3.6 25
F1 [ F2 Preference | | Preference2 | Preference 3
0.9 [0,1| [Father 9 5 ) ;
0.8 0.1 | Mother b Unvoted 1 ®— crowdsourcing
0.5[02] |chila 9 2 3

determining user accessibility setting —®
in terms of open or private

ves / no question in the user profile

Mosquito for 3D mo

and crowdsourcing

Twitter
LEGEND
data source & equation / sample /
digital tool algorithm representation

NOTE: all figures are indicated in a high resolution
in the case study

Walk for the
shortest route in a networ

Figure 4: The link between DSS
and the case study.
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Table 1: Implementation of the
matrix factorization: giving
random values to the feature
data.

The simulation model is generated concerning the flowcharts (Figures
2 and 3). Figure 4 indicates the relation between key parts in these
flowcharts and the case study in regard to the data source, digital tool,
equation or algorithm, and representation. The images in the figure are
then explained in detail.

Since Rhino and its Grasshopper add-on are widely used in architecture
and design, particularly for creating complex 3D models and parametric
designs, they are used for simulation in this research. One potential use
of these programs in personalized routing is for creating customized
routes that consider user-specific factors, such as preferred modes of
transportation, specific destinations, time constraints, and other
relevant data.

Simulation in Grasshopper depends on the addons as Mosquito 0.5a
(Smuts, n.d.), Firefly (Payne, 2016), Shortest Walk (URL1)), and C# script
embedded in Grasshopper. The functions of these addons are briefly
described as listed below.
e Mosquito for crowdsourcing from Twitter and creating
mapping based on Google Maps.
e Shortest Walk (URL1) for Grasshopper to calculate the shortest
path between two points in a graph.
e Firefly for translating Grasshopper file to Arduino software.
e C# script for calculation and determining options for Pareto
optimality.
The simulation starts with the detection of existing users (Figure 5) in
order to activate preferences accordingly. In case preferences have not
been voted yet, missing parts are tried to be estimated via matrix
factorization and stochastic gradient descent. Table 1 exemplifies
preference data (table with orange in colour) and feature data (table
with grey in colour). F1 and F2 are the latent features indicating values
in red. These values are the randomly determined ratings to initiate
stochastic matrix factorization.

Preference 1 | Preference 2 | Preference 3
F119,7 4,7 3,2
F2 | 5,5 3,6 2,5
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F1 | F2 Preference 1 | Preference 2 | Preference 3
0,9 (0,1 Father |9 5 2
0,8 (0,1 Mother | 5 Unvoted 1
0,5]0,2 Child 9 2 3

Based on the given random values, training ratings are calculated as
indicated in Table 2 using the Equation 2. It is calculated as a result of
the multiplication of the feature matrices, denoted by U and V (Zhu et
al., 2017).

Training ratings= U*V (2)

Preference 1 | Preference 2 | Preference 3

(0,9*9,7) + (0,9*%4,7) + (0,9*3,2) +
Father | (0,1*5,5) (0,1*3,6) (0,1*2,5)

=9,28 =4,59 = 3,13

(0,8*9,7) + (0,8*%4,7) + (0,8*3,2) +
Mother | (0,1*5,5) (0,1*3,6) (0,1*2,5)

=8,31 =4,12 =2,81

(0,5*9,7) + (0,5*%4,7) + (0,5*3,2) +
Child (0,2*5,5) (0,2*3,6) (0,2*%2,5)

=5,95 = 3,07 =2,1

Depending on training ratings, the error's cost function is calculated
using the Equation 3, where x and y denote predicted and actual
ratings, respectively (Ng, n.d.).

Error=12mi=1m(xi-yi)2 (3)
Error=118((9-9,28)2+(5-4,59)2+(2-3,13)2+ (5-8,31)2+ (0-4,12)2+ (1-
2,81)2+ (9-5,95)2+ (2-3,07)2+ (3-2,1)2)

Iterations perform until the value of error is equal to zero. For instance,
the first column should decrease while the first row of the second
column should increase. The unvoted preference is then estimated
depending on the last training ratings, as exemplified above.

Once weights are predicted, the simulation starts according to the
number of users. The model runs in C# Script in determining the options

Table 2: Implementation of the
matrix factorization: training
ratings.
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Figure 5: C# script for
determining the options.

Figure 6: 2D (left) and 3D
(right) Pareto chart.

(Figure 5). U values such as Ul indicate users. Boolean toggle

represents the presence of users in the car.

{0; 0}
d choose option A,
0 SELECT PREFERENCE
OF Ul

{070}
o choose option B,

(0;0}
0 choose option C
COMPARE U1 AND U2

Then, the number of users in the car is set, and non-dominated
preferences are obtained. In this case, both 2D and 3D Pareto method
are exemplified, as illustrated in Figure 6. In the 2D Pareto chart in
Figure 6, there are three dominated and three non-dominated
alternatives. On the other hand, there are two dominated and four non-
dominated alternatives in the 3D Pareto chart. These non-dominated
alternatives are then searched in Mosquito, receiving data from
Twitter. Mosquito works with a base map with labelled data in
conjunction with Google Maps.

Figure 7 indicates the algorithm in Grasshopper comprising the site

model, crowdsourcing, and routing. It responds to any location within
any range. Any keyword regarding a location turns into a specific
coordinate through transforming Google's APl into an address and
point. Users can define the boundary lines of the site model. The data
taken from Google Maps are converted into a 3D site model in this way.
Within this range, any keyword can be searched. Accordingly, tagged
tweets are listed based on location, the author's name, and the date
when the tweets are published. However, Twitter allows to share a
certain number of data, and some tweets do not include geographic
information. Hence, the list of the location of tweets is culled. Among
the remaining list, the duplicated locations are selected as
concentration points, which serve as nodes for the routing path.
Mosquito Direct command under Mosquito toolbar creates routing
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based on the destination, live location of users, transportation type
such as driving and walking (Figure 7). However, the centre points of
the 3D model and generated path may not be matched, so these
models are juxtaposed via Map Projection. The coordinates coming out
of Twitter are reversed in the Northern hemisphere, so X and Y
coordinates are replaced.

Vector Maps

|-O 3D SITE MODEL

——O) CONTENT-BASED
FILTERING IN TWITTER

SELECTION OF
CONCENTRATION
POINTS

Figure 7: Algorithm in
REGARDS 10 Grasshopper.

Figure 8 exemplifies the creation of routings in different locations with
different scales in Grasshopper according to the definition in Figure 7.
It is intended to select an area in the city centre where there are both
business centres and tourist attractions.
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WALK OF FAME

Figure 8: 3 case studies created
based on the algorithm in
Figure 7.
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The simulation also exemplifies automatic detection of moods of users,
which is developed in Grasshopper and Arduino. Figure 9 shows the
codes translating languages between Grasshopper file and Arduino via
Firefly addon to receive inputs from the environment in order to initiate
the system.

0 137.445

Figure 9: Top: Code for Arduino
Uno Read via Firefly. Bottom:
Screen shot of the code for
Arduino Uno Write via Firefly.

5. DISCUSSION AND CONCLUSION

The simulations in Figure 9 are recreated using calculating the shortest
path among initial and destination points (Figure 10). As seen, the paths
in Figure 10 are slightly different from the previous simulation in Figure
9 in terms of the line lengths. This study's primary emphasis is to show
how social values can be integrated into the computational design
domain. The algorithm in Figure 7 responds to any location with a user-
defined boundary size. The generated GlIS-based site maps in the
simulations can be directly used in architectural projects as well. It is
quite beneficial, especially in the analysis of the user flow in the project
site.
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Figure 10: The shortest path
algorithm.

TIMES SQUARE

The presented method for a decision support system is intended to use
for location-based recommendations to increase the quality of
decisions users take. The recommendations consider locations
concerning functionality and time. The idea behind this model is
significant for the literature, as it demonstrates how experiences may
improve decision-making in DSS. It shows how social aspects can play a
significant role in the computational design environment of
personalized routing. These two grounds of the design, as social and
computational, should be in dialogue with each other. This study shows
the integration of these two sides and gives clues for the applicability
of the proposed system. The results also show the dependency values
for its applicability in real-life scenarios. Implementation of this system
closely ties to how and where labelled data are obtained, how noises
are removed, and how limited access of non-copyrighted images or
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tweets are overcome. It is also significant to get legal permission from
the authorities to use crowdsourced data for commercial purposes.

The core idea advocated in this study can be applied to in-vehicle
infotainment systems encapsulating personalized recommendations
during the journey, such as music, news, and even games. It also offers
location-based recommendations. Besides, the proposed method has
the potential to adapt to other means such as cycling in addition to
driving. The method served by this research also gives clues for similar
studies in different fields such as e-commerce and tourism. The
presented method uses both content-based and collaborative filtering
because the use of content filtering alone could be simplistic and not
very accurate. Still, the method needs to be improved to function as a
whole integrated system.

The study proposed in this paper has limitations. First of all, the
simulation is up to three users. It should be extended in terms of MOO
based on objectives more than three. Also, the training data set should
be improved to cope with the cold start problem. Automated
determination of the preferences can be determined using K-Nearest
Neighbours (KNN) algorithm if data are labelled. KNN is a supervised
machine learning algorithm that can be used to solve both classification
and regression problems. The labelled input data makes the algorithm
learn a function that produces an appropriate output when given new
unlabelled data. It works with the relative distance to its neighbours in
order to classify the input data. The recommender based on KNN offers
the closest contents to users themselves. In addition to the limitation
regarding the autonomous determination of preferences, there is a
child mode limitation. Unless a person has any mobile phone like a
child, the system cannot perceive whether it is in the car due to lack of
GPS. It needs to obtain data from multiple sources. It requires the
connectivity of electronic tools. The connectivity of the tools not only
solves the child mode problem but also increases the reliability of the
proposed system. Indeed, it can serve as a control mechanism. On the
other hand, the child mode problem can be solved by a weight sensor
in the vehicle seats, as it is used to understand whether the seat is full
or empty. If there is no GPS signal, but the weight sensor says that the
seat is full, the system can accept as if there is a baby or a child. This
sort of control mechanism can be added to the decision support
system. In addition to the child mode problem, there is the access
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limitation to labelled data in crowdsourcing, as stated above. Legal
procedures should also be considered in case the proposed method
turns into a commercial navigation device.

In addition, the response speed of a model should be tailored to the
specific processing needs and limitations of the data being processed
to provide more efficient and effective results. The model should be
optimized to prioritize processing the most important data first to
provide a quick response time for critical tasks. It is also important for
the model’s scalability, and this can be achieved through distributed
computing or cloud-based services providing additional processing
power and memory resources.

In future works, it is intended to evaluate this research to make a
complete infotainment system for multi-user, either it is served for in-
vehicle devices or domestic usage such as a TV recommender system.
In these systems, the design is generally for a single user or a
homogeneous group of people without considering the state of being
a person with priority or the change in people's mood. The next
research aims to allow the union of user-centric and user-participated
approaches in its design. User feedbacks are beneficial to evaluate the
system in this regard. The logic behind feedback evaluation depends on
deep reinforcement learning. It is a sort of machine learning technique
working based on the analysis of a current state and taking an action
that maximizes a future reward through continuous interaction with
the environment. Last but not least, it is intended to improve the
system in a manner that it can be easier to use and autonomous to
enhance the lifecycle of the proposed system. Easy to use scenarios is
significant, as it makes closer to reach a mainstream usage. Therefore,
a user-friendly interface can be developed in this sense. All these
discussed issues would carry the system one step further if they are
implemented appropriately.
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