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ABSTRACT

Lack of data is a recurring problem in Artificial Intelligence, as it
is essential for training and validating models. This is particularly
true in the field of cultural heritage, where the number of open
datasets is relatively limited and where the data collected does not
always allow for holistic modeling of visitors’ experience due to
the fact that data are ad hoc (i.e. restricted to the sole characteris-
tics required for the evaluation of a specific model). To overcome
this lack, we conducted a study between February and March 2019
aimed at obtaining comprehensive and detailed information about
visitors, their visit experience and their feedback. We equipped 51
participants with eye-tracking glasses, leaving them free to explore
the 3 floors of the museum for an average of 57 minutes, and to
discover an exhibition of more than 400 artworks. On this basis,
we built an open dataset combining contextual data (demographic
data, preferences, visiting habits, motivations, social context...),
behavioral data (spatiotemporal trajectories, gaze data) and feed-
back (satisfaction, fatigue, liked artworks, verbatim. .. ). Our analysis
made it possible to re-enact visitor identities combining the major-
ity of characteristics found in the literature [3, 8-10, 16, 19] and to
reproduce the Veron and Levasseur profiles [17]. This dataset will
ultimately make it possible to improve the quality of recommended
paths in museums by personalizing the number of points of interest
(POIs), the time spent at these different POIs, and the amount of
information to be provided to each visitor based on their level of
interest. Dataset URL: https://mbanv2.loria.fr/
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1 INTRODUCTION AND RELATED WORK

Museums are often faced with the question of whether they should
impose a narrative to visitors, for example through appropriate
signage or audio tours, or whether they should leave them free to
explore their environment. Recommender systems offer an interest-
ing alternative between these two approaches, by proposing per-
sonalized routes both based on the individual expectations and the
scenography of the museum [13]. To improve the performance of
such systems, it is necessary to effectively exploit data of a very var-
ied nature to model and understand visitors’ behaviors in detail [2].
Collecting visitor data in the museum context is a widely studied
subject, and many technologies are dedicated to this task [4, 11, 15].
Nevertheless, there are few publicly available datasets that can be
exploited for recommendation purposes. Several types of data can
be collected for in-depth analysis of visitor identities. Furka et al. [5]
consider demographic characteristics and artwork ratings given by
visitors in order to predict the future ones. Packer and Roy [14] and
Falk [3] are particularly interested in visitor identities, including
their motivations and their learning experience in a museum. Data
is collected via questionnaires. Zancanaro et al. [19] collected data
on the visited artworks, including order, time spent and percentage
observed. A particular focus is also made on the overall visitors’
behavior based on their trajectories. Sparacino [16] manually re-
trieves visitor trajectories, annotating the visit with the number and
duration of stops, as well as the items observed (12 in total). As an
extension of this work, Hatala and Wakkary [9] also collect interac-
tion history (discrete time-space points of locations and selection of
objects), user type according to Sparacino’s nomenclature and user
interests. Yoshimura et al. [18] propose an automated approach:
bluetooth technology is used with sensors. The trajectories consist
of a sequence of sensors that detected visitors. Girolami et al. [6]
also use Bluetooth beacons to obtain approximate trajectories for
a visit around 10 works with 32 visitors. Similar techniques are
employed by Lanir et al. [12] to get global trajectories of visitors,
with radio frequency based positioning system. Another possibility
to access and understand visitor behavior in an indoor environment
consist to use data from another context, such as a conference [20]
or a shopping mall [1]. However, such domain transpositions do
not capture the specific characteristics of a museum, in particular
the cultural surroundings that are introduced and not found in
other spaces. At last, Grazioso et al. [8] investigate how mobile eye
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trackers allow a deeper understanding of visitors’ behavior while
they observe artworks. They collected gaze data from participants
from two sessions, before and after a course in art history.

As we can observe in the literature, the analyzed datasets focus
on only a few aspects of each visitor. Moreover, these datasets
are rarely made public, which restricts their use. In this paper, we
propose a dataset with a variety of visitor information to capture
their complete profile. The data collected includes the complete
trajectories of visitors, the works viewed and appreciated, and
data on their identity (motivation, art knowledge...). The museum
journeys of 51 visitors are made available in our dataset called BIRD
so far, together with museum information (floor plans, artwork
descriptions, daily statistics). BIRD is the acronym for Behavioral
and Identity-Related Dataset. We plan to progressively increase the
number of participants.

As far as we know, no dataset to exploit the different charac-
teristics of visitors for recommendation and identity analysis in
an indoor environment has been produced and made public. The
remainder of this paper is organized as follows. In Section 2, we pro-
vide the procedure of data collection and the pre-processing imple-
mented to obtain a correctly formatted dataset. We then overview
the dataset and their suitability for visitor identities in Section 3.
Finally, Section 4 is dedicated to the dataset benefits, conditions of
use and future work.

2 EXPERIMENT PROCEDURE

2.1 Origin and landmarks

The creation of this dataset is part of the MBANv2 project! in col-
laboration with the Nancy Museum of Fine Arts?, which boasts a
varied collection of artworks, and welcomes around 300,000 visitors
every year. This project has two major objectives: firstly, to create
a dataset that is as complete and faithful as possible to capture
the visitors’ experience, and secondly, to create a simulation and
test environment (reproduction of a real museum in Unity). These
two objectives enable researchers to develop and compare different
machine learning models: crowd and trajectory simulation, rec-
ommender systems and virtual guides. User studies could also be
carried out in the virtual environment to gather information about
them and analyze their behavior. This article is dedicated to the
first objective of the project.

2.2 Data acquisition

Our study involved 51 visitors and more than 400 pieces of artwork
from 16th to 21th centuries. Participants were free to explore the 3
floors of the Nancy Museum of Fine Arts as they wished, without
any influence such as a guide or a recommender system. Each visitor
was approached at the beginning of the visit with the agreement
of the museum. After being informed on the purpose of the study
and data collected, they were asked to complete a consent form
and were invited to visit the museum as they would under normal
conditions. The experimental protocol was declared and authorized
by the Data Protection Officer of our university to guarantee its
legal compliance.

https://mbanv2.loria.fr/
Zhttps://musee-des-beaux-arts.nancy.fr/en/museum
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Figure 1: Illustration of the platform used to obtain trajecto-
ries.

The museum contains a large variety of artworks (paintings,
sculptures...). The scenography is thought out chronologically,
with each floor dedicated to a specific period, and each room to
a specific art movement (impressionism, post-impressionism, cu-
bism...). The spatial topology also differs from one floor to another.
The first floor gives more leeway to visitors through big rooms and
multiple routes to reach the same painting. The second and third
floors constrain the path with rooms only accessible by few entries.
The layout of the museum and the position of the artworks were
mapped out to determine visitor trajectories. The map is available
in PDF and JSON formats. The dataset of artworks has also been
created, with information on each item (period, theme, descrip-
tion, etc.). Information was collected via museum panels, the Nancy
Museum of Fine Arts database, and specialized websites.

Tobii Glasses 2 (100Hz) were employed to anonymously acknowl-
edge the items observed and the path taken by the visitors, re-
spectively from its eye-tracking cameras and its scene camera. We
developed a web platform to get the trajectories and list of items
from the videos, by manually pointing the visitor’s position on
the map in JSON format (NMFA_3floors_plan.json). At the end of
the process, a JSON file named after his anonymous unique ID is
generated for each visitor. An illustration of the process is visible in
Figure 1. Another window is dedicated to the acquisition of items.
In this situation, all the walls containing items are clickable. When
a visitor notices an item, it can be added to the list by clicking on
the wall and select the correct image. Only paintings have been
included in the list of visible artworks. It is possible that the visitor
stops at a place to observe an item of another kind (sculpture...) but
these items have not been taken into account in the analysis. The
lists of artworks observed were divided into two groups, in order to
obtain the duration of viewing an artwork: one group corresponds
to the beginning of viewing a work, while the other corresponds
to the end. To make it easier to use the trajectories and list of
items with multiple languages, the JSON files obtained from the
platform have been converted into CSV files (items_idVisitor.csv,
items_idVisitor_end.csv, trajectory_idVisitor.csv).

As well as collecting trajectories and list of items, pre- and post-
questionnaires were drawn up to supplement the information we
were able to obtain about visitors. They were completed at the be-
ginning and end of the visit. Visitors could choose whether or not to
complete the questionnaires. All decided to fill in both documents.
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Figure 2: Normalized trajectories. The color corresponds to
speed, in pixel/sec (unit from the platform). Axes also have
pixel units and each point corresponds to a visitor’s position
at a specific timestamp. All trajectories are represented in
these figures. 100 pixels correspond to 1 meter.

The questionnaires were designed to obtain data on different as-
pects of the visitor’s identity: demographic (age, gender, diploma...),
physiological (physical fatigue...), psychological (motivations, rea-
sons to come, crowd tolerance...) and group factor (accompanied
or not). Details of information acquired from the questionnaires are
shown in the subsection Format and Key features (see Section 2.4).

At the end of the visit, after filling in the questionnaires, visi-
tors were invited to use a platform to select items they liked on
a mosaic of all the photographs of the artworks in the museum,
randomly distributed by floor. Visitors were free to choose the art-
works they liked, regardless of whether they had seen them during
the visit or not. This step allows us to elicit the artistic preferences
of visitors, but also to measure the coverage rate of their visit rela-
tive to their preferences (items likely to interest them and which
they did not notice during their exploration). Each list of items
selected by a visitor was then retrieved and placed in a CSV file
(explicit_feedback_visitors.csv).

2.3 Data pre-processing

Raw trajectories may contain noise, as they are produced manu-
ally and can sometimes be too precise, preventing the detection of
global patterns. To remove this noise, we normalize the trajectories.
We relied on the MovingPandas library v0.20.0 [7] to normalize
the trajectories with an interval of two seconds between two dif-
ferent positions. We obtain consistent trajectories for each floor as
observed in 2.

Each cleaned trajectory is available along the raw trajectories
in the dataset. An important added value of our dataset compared
to the state-of-the-art is that we know precisely the direction and
speed of movement of visitors in real time, whereas the datasets
mentioned in Introduction only have the positions of participants
at different timestamps.

Table 1: Data description of the dataset with information on
trajectories.

Name Type
Trajectory id Integer
Duration Float (in seconds)
Speed pixels/sec (100 pixels = 1 meter)
Nb_items Float
Nb_stops Integer
Length Float (in pixels, 100 pixels = 1 meter)

From each trajectory, we can extract a set of features to further
analyze the visitor’s behavior by relying on MovingPandas. In
our study, we chose to select a few characteristics to check its
suitability for some museum identities, such as those of Veron
and Levasseur [17]. We therefore collected the duration of each
trajectory, the average speed, the number of stops, the length of
the trajectory and the number of items observed. This processing is
also available in a CSV file (semantic_info_entire_trajectories.csv).

2.4 Format and key features

Based on the data collected, we have created a dataset with various
files providing access to specific visitor information.

The trajectories of the N visitors are presented in a sequence
of tuples containing for each timestamp the position of the visitor
Ty = {(t flLx,ylt =0, ... tenas fl € (0,1,2);(x,y) € R*},Wu €
[1,... N], topq the timestamp of the last point of the trajectory. The
coordinates (x and y) of the visitor for each floor are in pixels,
corresponding to the web platform unit (100 pixels = 1 meter). fI
corresponds to the floor.

The list of items seen (items_idVisitor.csv, items_idVisitor_end.csv)
are also represented by a sequence of tuples for each visitor v:
I, = {(¢, f1, paintingID)|t = 0, ..., tenq; f1 € (0,1,2)}, paintingID
a string corresponding to the ID of the artwork image. It should be
noted that lists with the beginning of items seen may contain more
items than end lists. These items which are not present in the end
list, have been seen for a too short duration to be included in the
end list.

The dataset giving the global characteristics of the trajectories
is composed as in Table 1.

Concerning the questionnaires, 23 questions were asked in the
pre-questionnaire, which was available in French and in English.
The focus is on demographic data (age, qualifications, gender), visit
preferences, visit frequency, motivation, objectives, physiological
and psychological data (fatigue, distance tolerance, crowd tolerance,
etc.). The items related to the objectives were defined on the basis of
Falk’s identities ([3]). For the post-questionnaire, also in French and
English, 29 questions were elaborated. This time, the main topics
were art expertise, the benefits of new technologies (applications,
recommender systems), the physical and psychological states at the
end of the visit, the information about artworks memorized at the
end of the visit, and other comments on the visitor’s experience.

Finally, the artworks appreciated by visitors correspond of a file
of tuples of this form: {visitor_id, id_item, timeOfSelection}.
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Figure 3: Statistics of the visitor identities.

The project presentation and access to the dataset are available
at the following address: https://mbanv2.loria.fr/

3 DATASET OVERVIEW
3.1 Statistics

The dataset shows a diversity of visitor identities. 51 visitor identi-
ties are currently available. Visitor statistics can be seen in Figure 3.
The experiment included 27 males, 23 females and 1 non-binary
person. The mean age is 33 years, going from 12 to 75 years old.
The statistical study provides some information on the 51 devel-
oped trajectories. The average visit duration is 57.6 minutes, with
a minimum duration of 11 minutes and a maximum duration of
1 hour and 55 minutes. 144 items per visitor are seen on average,
with a speed of around 0.26 m/s. This speed is low in view of the
environment, which causes many stops (approximately 54 stops per
visit). The average length of a trajectory is 838 meters, with a mini-
mum of 254 meters and a maximum of 1361 meters. Each visitor
spends an average of 29 seconds in front of selected artworks.

3.2 Suitability for museum identity analysis

To verify the suitability of our dataset for the study of visitor iden-
tities and as a proof of concept, we performed clustering to de-
tect Veron and Levasseur profiles [17]. To do this, we used data
from the file containing global information on trajectories (seman-
tic_info_entire_trajectories). The clustering technique employed
is Kmeans. We used the WCSS loss with the elbow method and
Silhouette score, as well as the Davies-Bouldin Index and Calinski-
Harabasz Index to select the most relevant number of clusters. As
shown in Figure 4, and considering the index values, 4 seems to
be the most appropriate number of clusters. A closer look at the
centroids obtained reveals the nature of each group: Grasshopper,
Ant, Fish and Butterfly.

An interesting future work would be to add information on the
order of visit (chronological or not), in order to check whether this
could have an impact on the classification.

4 LICENSE, BENEFITS AND PERSPECTIVES

This dataset provides access to detailed visitor identities with in-
formation that can be used in combination or separately. It can be
employed for a wide range of applications, including the study of
visitor identities and behaviors during visits, trajectory prediction,

Alexanne Worm, Florian Marchal, and Sylvain Castagnos
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Figure 4: Results obtained from Kmeans clustering on the
trajectories information (length, number of items seen, num-
ber of stops, speed and duration).

crowd simulation, use in Natural Language Processing (study of
visitor comments...). Recommender systems are particularly well-
suited to this type of data. Several types of systems can be used
(Content-Based Filtering, Collaborative Filtering, Trajectory recom-
mendation...) and compared thanks to this BIRD dataset. In other
words, this dataset has been built independently of any research
hypothesis or model to be evaluated, in order to be as generic as
possible and useful to the research community, as MovieLens used
to be in another application domain. Nevertheless, it is important
to note that these data were collected in a specific context and over
a limited period of time. The dataset seems to be in line with a
certain part of the literature (Veron and Levasseur profiles [17]),
and one of our future works will reside in verifying whether this
dataset can be generalized to other situations.

Other future works will consist in enriching the dataset with
more visitors, while giving access to gaze data. Our dataset will
also be enriched with more behavioral and identity-related data
(isovists, artwork complexity...) so as to train a sequence-based
recommender system and test its capacity to predict visiting styles
over time. We believe that this information will enable the system
to tailor recommendations according to the visible items and the
cognitive load that the artworks can bring. To enable this dataset to
be used in Deep Learning systems, a data augmentation technique
will be used to enlarge it while trying to maintain the coherence
of each visitor, in particular their behaviors and trajectories. The
complete dataset will be made available, along with the code used
to obtain trajectories, information and analysis results under CC-
BY-NC-SA 4.0 license. Any use of this dataset for research purposes
must be accompanied by a citation of this paper.
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