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Abstract
The recent spread of metaverse technologies has propelled the digitalization of cultural heritage, particularly the production
of 3D models of historical artifacts and sites. This context presents new challenges and opportunities, among these arises the
possibility of investigating the design of public engagement and cultural dissemination initiatives through the analytical study
of user behavior. With this objective, we developed Procezo, a modular data analysis suite that facilitates the processing and
aggregation of user experience data via an easy-to-use web interface, specifically engineered for cultural heritage applications.
Indeed, with immersive XR devices, motion-tracking tools, sensors, and online web applications, we can easily record users’
experiences in virtual or real environments. From these recorded experiences, with Procezo’s specifically developed web-based
analytics, we may obtain crucial insights into user interaction patterns. Procezo is part of a larger pilot developed under the
H2IOSC project named “Interlumo”. The pilot is divided into three stages: data capture (Kapto), data processing (Procezo),
and data inspection (Merkhet). These stages are based on a strong modular design, both at the logical and software levels.
The logical separation allows the implementation of these stages together or separately, and the software separation allows
us to run the stages on separate dedicated servers. This modularity allows for greater reuse and scalability. We demonstrate
the application of Procezo in data cleaning and preprocessing protocols, as well as its implementation for machine learning
(ML) algorithms for pattern discovery, specifically through kernel density estimation (KDE), a reliable non-parametric density
estimation methodology. Our implementation is based on a graphical web interface that allows analysts to share and compare
different machine learning (ML) pipelines. The presented suite improves the quality and efficiency of the analysis process
and enables collaboration between domain and analytics experts. Under the H2IOSC project, we assess Procezo on visitors’
experiences exploring a virtual reproduction of Cerveteri Etruscan Tomb, which were captured during remote public exhibits
and dissemination events. This approach can be easily applied to several case studies, ranging from interactive installations, to
online applications, with the objective of accelerating the detection of interaction patterns.

CCS Concepts
• Mathematics of computing → Exploratory data analysis; • Information systems → Asynchronous editors; Data analytics;
Data mining; • Human-centered computing → Systems and tools for interaction design;

1. Introduction

The latest improvements in head-mounted display (HMD) tech-
nologies and the large investments by major tech companies have
boosted the spread of “metaverse” applications. Even though the
initial enthusiasm for the possibility of a broad range of applica-
tions is diminishing, some of the more focused applications are
gaining the attention of researchers from different fields [DHB∗22,
FFD∗21]. Specifically, in the digital heritage context, this process
has propelled cultural heritage’s digitization, particularly the devel-
opment of 3D models of historical artifacts and sites [BMD∗24].
3D models and archaeological surveys enable a range of innovative
applications including virtual learning experiences, archaeological
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conservation, and the systematic documentation of heritage asset
deterioration [BMD∗24].

This process, together with the emergence of the new deep neural
network approaches that have revolutionized the scope of AI appli-
cations, opens up new challenges and opportunities [FG24]. One
of these challenges is the opportunity to improve and develop dig-
ital heritage user experiences through a data-driven process. Head-
mounted displays (HMDs), eye tracking devices, brain–computer
interface (BCI) headsets, and motion tracking equipment, as well
as wearable sensors or devices used in digital heritage interactive
experiences, allow us to capture massive volumes of data. Unfortu-
nately, the detection of relevant information on visitor interaction
patterns and troubleshooting requires complex explorative analy-
sis [KAA∗21]. Nevertheless, if carried out systematically, this ex-
plorative analytics may allow us to determine the visitor experience
quality, determining among the other possibilities, engagement,
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satisfaction, and retention [CCC∗24, PCR∗25]. This approach will
allow us to develop new design best practices tailored to improve
the visitor experience, otherwise known as user experience (UX)
analytics [KC20]. This process may also impact cultural heritage
accessibility, taking into account the visitors’ diversity and their
varying needs and perspectives [KK23, SPK20].

H2IOSC (https://www.h2iosc.cnr.it/) is a federated
cluster of four research infrastructures with operating nodes across
Italy. Procezo’s suite is the second stage of the "Interlumo" im-
mersive analytic modular pipeline, which is itself exposed as a
cross-domain pilot in H2IOSC. Interlumo is developed in task 7.7
of the H2IOSC project, under the E-RIHS infrastructure. The Pro-
cezo step processes and aggregates time series data, which we call
records, through ML models and tools. The other two components
are Kapto and Merkhet. Kapto is the first component, its purpose is
to capture user session records from different sources: XR devices,
sensors, web applications, and other live sessions. Merkhet is the
last component, it is designed for the visualization and integration
of the aggregated data in the source 3D model, where the data was
captured. As this pipeline is highly modular, each component can
be used separately or reconfigured in pipelines with other applica-
tions. Here we focus only on Procezo’s suite.

The objective of the Procezo suite is to offer an User Interface
(UI) and a series of methods that will allow the cooperation of
UI/UX specialists, machine learning experts, curators, exhibit de-
signers, neuroscientists, and project designers to develop and im-
plement data-driven cultural heritage user experiences. Procezo’s
modular data processing suite offers easy-to-use interfaces for user
experience data inspection and preprocessing, together with meth-
ods for the extraction of user patterns with machine learning mod-
els, such as Kernel Density Estimation (KDE) and hierarchical
clustering. Furthermore, the suite is meant to be easily extensible,
fostering collaboration within multidisciplinary team. Procezo’a
suite allows data scientists to deploy machine learning models and
analytics dashboards, which give cultural heritage experts immedi-
ate access to data inspection and curation.

2. Related Work

The fast-growing collections of cultural heritage digital assets
[TLPW24] brings about the challenge for the development of an-
alytics tools that allow the evaluation of the accessibility and
effectiveness of these digital cultural assets [NBCG24, LX24].
While tracking-based analysis of user experience in museums
has a long tradition, see [YB09, McM22] for comprehensive re-
views, there is a lack of specifically designed cloud-based cul-
tural heritage analytics tools tailored for UX analysis. Frame-
works that offer behavioral tracking functionalities usually pro-
vide integrated hardware and software solutions, and manage
most project aspects, from sensor instrumentation to analyt-
ics dashboards: e.g., Noldus Observer XT (https://noldus.
com/observer-xt-human), iComfort (https://www.icomfort.
it), and inVRsion Shelfzone (https://www.invrsion.com/
shelfzone) [CCC∗24,PCR∗25]. These solutions often require ex-
tensive resources compared to cloud-based frameworks that of-
fer mouse-tracking, or eye-tracking for website UX analytics: e.g.,
iMotions (https://imotions.com), which allows the use of mul-

tiple camera feeds or other external hardware, or Gazerecorder
(https://gazerecorder.com), which allows the use of common
webcams. In practice, many museum and neuroscience teams de-
velop custom frameworks using personalized combinations of soft-
ware and hardware [CCCO21,CCCP20, JRMJ18,CKK19]. Conse-
quently, most solutions are implemented ad-hoc, and require the
collaboration of specifically trained data engineers and data scien-
tists with cultural heritage domain experts.

Previous research [BCBM18,GJS23] shows that team collabora-
tion is beneficial for data inspection and analysis task, especially for
cross-disciplinary teams. Research has also found that workspace
awareness and objective sharing was enanced by the possibility
to share interactive interfaces, which enable multiple analysts to
carry out visual analytics tasks on multivariate datasets [LHC∗20].
Nevertheless, collaborative IA faces additional challenges, as high-
lighted in [EBC∗21].

A series of collaborative tools has greatly improved collabo-
ration among analysts. Version Control System (VCS) (e.g., Git
[CS14] and SVN [Zan10]) enables data scientists to immediately
share machine learning (ML) models and datasets. Furthermore,
the introduction of Jupyter Notebook [KRKP∗16], a web-based in-
teractive computing platform, especially when used together with
versioning control systems, has greatly facilitated the collaborative
development of new machine learning methods. Meanwhile, cloud-
based platforms, such as Google Colab [Bis19], often developed on
Jupyter framework, allow asynchronous collaboration, and allow
immediate access to virtual machines with powerful hardware (e.g.,
GPUs). Finaly, third-party open-source machine learning libraries
simplify the implementation of complex models and data analy-
sis pipelines, among the most popular, there are Python Scikit-
learn [PVG∗11], TensorFlow [AAB∗15] or PyTorch [PGC∗17]. All
together, these tools foster and broaden the community of data engi-
neers allowing users to implement complex machine learning mod-
els very quickly, giving the data scientist more time to test different
alternatives. Nevertheless, synchronous collaboration in shared en-
vironments is still unsupported; at each deployment version, the
code must be committed to common repositories for other users
to upload changes. For this reason, data versioning tools such as
Pachyderm are emerging [Kar22]. Unfortunately, these tools still
have a steep learning curve, and do not offer simple interfaces that
allow the direct inspection of the data pipeline for domain experts
who are not necessarily data engineers. Furthermore, simultaneous
data inspection is not allowed, and the potential benefits of virtual
co-localization in shared representations are restricted.

In this paper, we focus on two machine learning methods Ker-
nel density estimation (KDE) and hierarchical clustering. KDE is a
non-parametric method that estimates the probability density func-
tion (pdf) of random variables [Par62, Ros56]. KDE is particularly
useful when the random variables can not be approximated with
simple unimodal distributions such as normal or exponential. Vi-
sually, KDE provides a statistically reasonable and immediate way
to show where the data points accumulate, by using a color map of
the density distribution as a heat map indicating which points are
more likely. Hierarchical clustering algorithms are a particular kind
of clustering methods, which use the similarity among the data en-
tries to form a hierarchical structure of clusters [Nie16]. Clustering
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methods are unsupervised algorithms that allow the recognition of
common patterns in subgroups without requiring labeled datasets.

3. Procezo Design

As mentioned earlier, Procezo aims to process records, which are
derived from user sessions. User session records are obtained from
different kinds of experiences, either virtual or real. For this rea-
son, we assume a simple nested organization of the records. The
records are organized into groups, and the groups are organized
into projects. Consequently, each record would have its recordId,
together with a groupId and a projectId. As mentioned, Procezo is
part of the Interlumo immersive analytic modular pipeline. If Pro-
cezo is used in the pipeline, it receives records from Kapto, which
is Interlumos’s capture stage. Kapto is a cloud service that allows
to produce records from user sessions. Procezo gets the recordId,
groupId and projectId variables from Kapto, then it retrieves the
records and processes them to extract visitors’ interaction patterns.
This is called the process stage in Interlumo. Nevertheless, thanks
to Interlumo’s modular structure, Procezo can also get records gen-
erated with other applications as long as the records are in tabular
form.

We assume a simple nested organization of the records because
both UX design settings, neuroscience experiments, and other sim-
ilar initiatives reveal a similar organizational pattern. In the case of
UX design, a developer’s project is usually concerned with a web-
site or exhibit, and in neuroscience, the scientist’s project would
usually consider an experiment. Furthermore, each website or ex-
hibit is generally divided into different scenes that depend on the
designer focus, and the experiments are traditionally divided into
separate trials or treatments as specified by the experimental proto-
col. Procezo is implemented using widely adopted libraries, and is
deployed with a Docker container, which allows it to run efficiently
in diverse environments and scale according to user demand. Pro-
cezo is developed with long-term sustainability as a core design
principle. It is part of the Interlumo open-source pipeline, and is
integrated into E-RIHS (https://www.e-rihs.it/), a major Eu-
ropean Heritage Science. This integration ensures ongoing access
to services and databases that support its long-term viability. Pro-
cezo is fully open-source and available on GitHub. It uses standard,
widely interoperable file formats such as csv and json.

To determine Procezo’s workflow, we examined the differ-
ent styles of workflows that emerged in data mining and ma-
chine learning teams, both in industry and academia [FG24].
The literature describes several different Analytics methodolo-
gies [MPCOF∗21]. Among these, CRISP-DM is a fundamen-
tal reference point [Cha09], which was developed by a consor-
tium of universities and companies to improve collaboration and
cross-fertilization [MPCOF∗21]. Even though analytics has shifted
to a more descriptive character if compared to the more goal-
oriented data mining workflow, CRISP-DM still describes the
typical steps of a data project, the tasks involved in each step,
and the relationships among these steps. Even if it is recog-
nized that CRISP-DM does not consider all possibilities, it re-
mains an industry-proven methodology, and its main steps are still
valid [MPCOF∗21]. The main steps in a data project according to
CRISP-DM are: problem definition, data acquisition, data prepa-

RAW DATA 

PROCESSED DATA 

ANALYSIS

raw/
| project-1/
| | group-1/
| | | record-1.csv
| | | record-1.jpg (max 256 x 256)
| | | record-2.csv
| | | record-2.jpg
… …               …
| | | record-n.csv
| | |_ record-n.jpg
…               …
| | group-n/
| | | record-1.csv
| | | record-1.jpg (max 256 x 256)
| | | record-2.csv
| | | record-2.jpg
… … …
| | | record-n.csv
| |_ |_ record-n.jpg
proc/
| project-1/
| | group-1/
| | | pars.csv
| | | ver1/
| | | | record-1.csv
| | | | record-1.jpg
… … … …
| | | | record-n.csv
| | | |_ record-n.jpg
| | | ver2/
| | | | record-1.csv
| | | | record-1.jpg
… … … …
| | | | record-n.csv
| |_ |_ |_ record-n.jpg
…
| | group-n/
| | | pars.csv
| | | ver1/
| | | | record-1.csv
| | | | record-1.jpg
… … … …
| | | | record-n.csv
| | | |_ record-n.jpg
| | | ver2/
| | | | record-1.csv
| | | | record-1.jpg
… … … …
| | | | record-n.csv
| |_ |_ |_ record-n.jpg
agr/
| project-1/
| | group-1/
| | |_ pos-kde3d.json
| | group-n/
| |_ |_ pos-kde3d.json

Figure 1: A) Data flow schema. Raw data is transformed into pro-
cessed data, and processed data is transformed into aggregate data.
B) The file system is organized into folders that reflect the data flow,
and it allows for tailoring separate components’ writing permis-
sions.

ration, data analysis/modeling, evaluation, and deployment. Pro-
cezo’s workflow is concerned with the data preparation step, the
data analysis/modeling step, and the deployment step.

Procezo is aimed at interdisciplinary teams composed of domain
experts, e.g., cultural heritage curators, UX designers, together with
ML experts and analytics experts. For this reason, it is implemented
with a Web-based interface that allows rapid interaction with the
data for local and remote collaborations. The web-based interface
is designed to be user-friendly, and it allows all team members to
directly inspect the data, and to contribute to the data processing
pipeline without the requirement of knowing specific programming
languages.

The input to Procezo consists of raw user session records. These
records are time series, i.e., are composed of sequences of data
points indexed by time. In our case, the records are saved as
csv tables with each row indexed with a different timestamp, but
json files can equivalently be used. These records could be gener-
ated by the Kapto module or from a different application. From
here after, we refer to them as raw records or raw data. Once
the records are loaded, the Procezo workflow is divided into two
main classes of methods, which can be thought of as the pipes that
form the pipeline: process methods and aggregate methods. The
process methods allow the processing of single records or the fil-
tering/gating of all the records in a group. The process methods
carry out the CRISP-DM preparation step. The processing of the
single record may consider the selection of a certain region of in-
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terest (ROI), or other normalizations/denoising methods. The fil-
tering/gating of the records involves the definition of gating thresh-
olds on the records in a group according to global properties that
are computed on the single record (e.g., record duration, variables’
average, variables’ variability). Finally, the aggregate methods are
where the data is aggregated through the use of statistics or ma-
chine learning models to produce a mathematical synthetic repre-
sentation of a subset of records. The aggregate methods carry out
the CRISP-DM analysis/modeling step.

To protect the integrity of the data and mitigate unforeseen er-
rors, we divided the records and the different versions that are ob-
tained at each processing/aggregation method in a nested system
of directories that reflect the gradual transformation through the
workflow (Figure 1). The first directory is named ‘raw/’, where the
raw record data is stored. This folder should be writable from the
application producing the records, but not by Procezo’s methods.
Meanwhile, Procezo should be able to read the records from ‘raw/’
and save the new version of the record data in the different sub-
folders in ‘proc/’, which reflect the different versions produced by
the process methods. Finally, Procezo should be able to read the dif-
ferent versions of the data in ‘proc/’, and write the aggregated data
generated by the machine learning methods in the ‘agr/’ folder.

Step:  Raw                     Proc. Ver 1             Proc. Ver 2              Agr.

Project

Id
Name
Step
Ver
Date

Record

Id
Name
Step
Ver
Notes

Project

Id
Name
Step
Ver
Notes

Group

Id
Name
Step
Ver
Notes

Record

Id
Name
Step
Ver
Notes

Project

Id
Name
Step
Date
Notes

Group

Id
Name
Step
Date
Notes

Record

Id
Name
Step
Date
Notes

Group

Id
Name
Step
Ver
Notes

Project

Id
Name
Step
Date
Notes

Record

Id
Name
Step
Date
Notes

Group

Id
Name
Step
Date
Notes

Child Derivative

Figure 2: Schematic representation of the relational object data
structure containing the information regarding the nested organi-
zation project-group-record (child relation), and the relation be-
tween derivative data obtained with Procezo’s process and aggre-
gate methods (derivative relation).

To implement the web application, we implemented a relational
data structure composed of three different classes that define the
respective objects: a project class, a group class, and a record class.
The objects are connected by two different relational links: a child
link and a derivative link. Figure 2 shows a schematic represen-
tation of this relational data structure. The child-link connects the
project to its child groups and the groups to their child records.
The derivative-link connects each object to the derivative object
obtained through one of Procezo’s methods. The project class de-
fines an object that contains specific attributes such as the name,
date, and the project stage (‘raw’, ‘proc’, and ‘agr’). The project
class also allows the storage of the relational attributes that connect
the project object to the child groups and the derivative processed
project. Similarly, the group class defines an object that contains,

among other things, the name, state, and version. The group class
also contains the relation attributes that connect the group to its par-
ent project and its child records, together with the derivative groups
that are the result of a processing method. Finally, the record class
defines the object that contains the record name, state, and version.
It also contains the relational connection to the parent group and
the derived records. This data structure allows the implementation
of a RESTful web APIs [LCZL16,EACM22], that enables the con-
nectivity between Procezo’s, its apps, and the other steps in Inter-
lumo’s modular pipeline, though the typical requests: GET, POST,
PUT, PATCH, and DELETE.

Procezo interfaces are developed as web applications. The web
applications consist of a backend developed on Python using mod-
ules such as Numpy [HMvdW∗20], Pandas [pdt20, WM10], Scipy
[VGO∗20], Scikit-learn [PVG∗11], Pytorch [PGC∗17]. We used
FastAPI as middleware to have a RESTful web API with the rel-
evant OpenAPI documentation. Finally, for the frontend, we used
HTML with JavaScript integration and developed the dashboards
with Plotly and Dash [Inc15]. This stack design allows us to imple-
ment cloud-based processing tools that can be easily connected to
other services in a cloud environment.

4. Data Process and Aggregate Methods

Procezo’s workflow is divided into two main method classes: pro-
cess methods and aggregate methods. The process method allows
the processing of the single raw records, and the filtering/gating
of the records in a single group. These methods can be imple-
mented through Python scripts, Jupyter Notebooks, or interactive
apps; in any case, when executed, each method produces a new
folder named with a versionId in the ‘proc/’ folder, and stores in
this folder the data derived from that method. The aggregate meth-
ods are usually implemented through a Jupyter Notebook. They
read a specific version of the record data in ‘proc/’ and generate
an aggregate version (with a specific versionId) of the data in the
‘agr/’ folder.

In the case study, two process methods are used: the record edit
method for ROI selection and filtering, and the group edit method
for filtering/gating the records. The record edit method is used to
select the records that are used for the analysis and determine the
ROI on which the analysis is performed. It is important to remem-
ber that the protocol for dropping out records and the selection of
the ROI should be defined a priori on factors that do not bias the
analysis outcome. Figure 3 shows the record edit method interface.
The record captures an experience in an immersive virtual environ-
ment, and reports the visitor’s HMD position P = (px, py, pz) and
view/head direction V = (vx,vy,vz) samples at regular time steps.

The group edit method for filtering/gating the records in a group
allows users to plot certain measurable scalar quantities, such as
session time and total variance, and define upper and lower thresh-
olds to gate the records on these quantities. In this case, the session
time would be the difference between the final and initial time of
the record ROI, and the total variance would be the sum of the vari-
ances from the variables determined by the record columns. This
process is not necessarily required, but allows the users to drop
out outlier records that present gross deviations from the bulk dis-
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A) Record table interface

B) 3D Record representation

Figure 3: A) The record edit method interface uses a range slider,
and a checkbox to select the records that are kept for analysis. On
top, it presents a table, and below, 2D plots showing the records
columns on the y-axis and time on the x-axis. In this case, we
show a record with the visitor’s HMD position P (3D vector), and
view/head direction D (3D normalized vector). The first two plots
show the ROI cropped with the slider, the second two plots show the
full record with rectangles representing the ROI, and the last plot
shows the navigation mode (i.e., VR or AR). B) 3D trajectory of the
visitor’s HMD positions, with color representing time, and arrows
representing the HMD direction for each recorded position.

tribution. It is well-known that certain statistical aggregates are bi-
ased by gross outliers. Figure 4 shows an example of group-records
gating. In this case, records were gated according to session time
length and variation. The reason is that too short session times may
reflect accidents where the session was started and immediately fin-
ished before the user could start her/his experience. Similarly, if the
variance is very low, it may be because the user did not move, as
she or he may have experienced a technical problem.

The main aggregate methods discussed in this paper and used in

Figure 4: The record edit method interface uses two range slid-
ers to define the upper and lower thresholds for the filtering/gating
strategy. In this case, we considered the option to gate records for
session time length and total variance.

the case study are Kernel Density Estimation (KDE) and Hierar-
chical clustering [FG24]. Nevertheless, different machine learning
methods can be implemented into new aggregate methods using
Jupyter Notebooks or Python scripts.

For the KDE aggregation method, we used the Gaussian KDE
algorithm (Scipy implementation [VGO∗20]). The Gaussian KDE
algorithm estimates the probability density function (pdf). Given a
sample of points (X0,X1, . . . ,Xn), the pdf f estimation is obtained
with the expression

f̂h(X) =
1
nh

n

∑
i=0

K(
X −Xi

h
) (1)

where K(X) is a normal kernel, and h is the bandwidth.

For the hierarchical clustering implementation, we selected ag-
glomerative clustering [BJGJ01, LW67]. The agglomerative clus-
tering algorithm works through an iterative loop, constructing a
binary tree, bottom-up, from the leaves to the root. This binary
tree, or dendrogram, represents the clusters’ hierarchical structure,
composed of smaller clusters joining together in larger clusters as
branches merge. The binary tree is constructed in the following
way. At the beginning, the initial input elements start in single-
ton clusters, which form the leaves of the binary tree. Then, at each
step, the clusters corresponding to different branches are merged,
and a level in the hierarchy is added. The couple of clusters to be
merged are iteratively selected with a greedy algorithm on the ba-
sis of a linkage clustering criterion. The linkage clustering criterion
is determined by a distance measure defined on the current cluster.
Thus, after merging the clusters, we update the cluster list, and con-
tinue in the iterative loop. At the end, the last two remaining clus-
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ters are merged into the root node. From the hierarchical clustering
process, we obtain the hierarchical binary tree, or dendrogram.

A common distance measure among entries is the Cartesian dis-
tance. Otherwise, it can be derived from Pearson’s correlation.
Given a distance measure, we can define a clustering linkage crite-
rion, or within-cluster distance (WCD), which may be, for example,
the complete criterion

d(U,V ) = max
u∈U,v∈V

d(u,v) (2)

where U and V are two clusters and u and v are two data entries
from each cluster, respectively [Nie16]. In our case study, we used
the Python Scikit-learn implementation of agglomerative cluster-
ing [PVG∗11].

4.1. Case Study and Applications

To test Procezo’s implementation, we developed a WebXR appli-
cation and used Kapto to generate the user experience records. The
WebXR application allows access to different virtual environments
hosted in ATON, which is an open-source framework designed to
present and enable interaction with 3D models through a standard
web browser across multiple devices [FFD∗21]. For our case study,
we considered a 3D survey of the Etruscan Tomb of Reliefs located
in the Banditaccia Necropolis, Cerveteri (Italy). The web applica-
tion tracked spatial data, which was obtained from anonymous gen-
eral public users who participated in three different exhibits in Italy
and a dissemination event at our lab. The three different exhibits
were ArcheoVirtual 2023, TourismA 2024, and TourismA 2025.
ArcheoVirtual 2023 was held in Paestum (3 days), TourismA 2024
and 2025 were held in Florence (2 days). These events allowed us
to test different aspects of Procezo and the Interlumo pipeline. First,
in the case of the exhibits, the two separate servers running the In-
terlumo pipeline and ATON were located in the CNR research area
in Rome, and users performed their sessions using remote devices.
Thus, data transmission requires an internet connection. Second,
the exhibit users were visitors attending events focused on heritage
and AI. These conditions allowed us to test the opportunity to study
and investigate how people respond to and interact with both cul-
tural heritage and generative virtual content, using HMDs (immer-
sive VR).

4.2. Equipment and Setup

The setups used in the events replicate the setup introduced in
[FG24]. It is composed of two server nodes with public access.
The servers were accessible over the internet through REST API
and web interfaces.

1. Interlumo immersive analytic modular pipeline: this dedicated
server hosts Kapto and Procezo, under the H2IOSC project.

2. ATON server: this dedicated server hosts the main instance of
the ATON framework [FFD∗21], providing web application and
3D content. In this case, the WebXR application, the virtual cul-
tural heritage and generative 3D content, and the “Merkhet” We-
bXR for visual inspection.

Both servers run Linux OS (Ubuntu Server 20.04.6 LTS) with

Node.js and PM2 setups for the cluster deployment of micro-
services, and are located in Rome. The exhibit equipment for the
onsite physical installations was composed of the following:

• A single workstation and one HMD (HP Reverb G2 Head-
set) were used to experience immersive VR scenes for the
ArcheoVirtual event;

• A standalone HMD (Meta Quest PRO) was used to experience
immersive VR scenes for the exhibits and the in-lab dissemina-
tion event.

An internet connection was required for both setups to connect with
ATON and the Interlumo immersive analytics modular pipeline.
This case study enabled us to benchmark Procezo, which ran with-
out particular slowdowns, interfaces loaded in a few seconds, and
the augmentation modules completed their workload in the order
of minutes.

4.3. Web app

We developed a WebXR application [FG24] that allows visitors to
access and explore the virtual environments online using a standard
browser. To track a well-defined set of attributes in 3D spaces, we
instrumented the WebXR app with Kapto for acquiring the record
data [FG24]. Then we used a fixed sample time (interval) of 0.2s.
Such a sample time demonstrated a good trade-off between the file
size of the session records and the trajectory resolution. Attributes
that were tracked included the user’s location P (3D vector), orien-
tation O (Quaternion), view/head direction V (3D normalized vec-
tor), navigation mode (string), and field-of-view (float). Eye track-
ing was not implemented in all the HMDs, thus, we implemented
[UE17]’s method, which estimates an approximated field-of-view
with ray-casting given V . Users were informed before the experi-
ence by onsite personnel about the ongoing anonymous tracking of
such spatial attributes. During the exhibits, the WebXR application
generated more than 500 raw variable duration records (immersive
sessions) with the Interlumo immersive analytic modular pipeline.
In all cases, the onsite experience was supervised by dedicated per-
sonnel: the initial explanation of the experience and the start/end of
session recording.

4.4. Cerveteri Etruscan Tomb

For the Cerveteri Etruscan Tomb virtual environment, we used a
previously published 3D scene. This virtual environment presented
semantic annotations validated by professionals. The annotation
text was first automatically translated (Italian-to-English), and then
it was converted into narrating voices with AI text-to-speech ser-
vices. Aural content labels were used to augment the virtual en-
vironment with semantic annotations. Image 5A shows semantic
labels in overlay.

Exhibit and in-lab visitors were free to move around and inspect
the 3D model using an HMD. For virtual environment navigation,
the visitors were allowed to use natural movement and teleport. Ex-
hibit visitors tended to teleport frequently to overcome the limited
free movement space given by the kiosk setup (Figure 5B). Con-
trarily, in-lab visitors could move more-freely because they were
intentionally situated in a large room that did not inhibit free move-
ment (Figure 5C). All exhibit visitors produced zig-zag trajectory
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D) 2D KDE

F) Session TimesE) pos y

A) Semantic labels C) Natural movement
trajectory 

B) Trajectory with 
many teleports 

G) Displacements

archeovirtual24 tourisma24 tourisma25 in-lab experience

Figure 5: A) Semantic labels. B) Trajectory with several teleports.
C) Natural movement Trajectory. D) position KDE (Px,Py,Pz) com-
puted on the three exhibit events (ArcheoVirtual23, TourismA24,
TourismA25) and in the in-lab experience. E) HMD height po-
sition Py histogram, in y-up coordinates. F) Session time length
histogram. G) Displacement distance between consecutive capture
events.

patterns, clearly discernible at a visual inspection, typical of tele-
port navigation. Meanwhile, all the in-lab visitors’ trajectories pre-
sented strikingly different wavy patterns.

Panel 5D shows the KDE computed on the visitors’ positions.
Given that, in this case, we considered each recorded visitor’s tra-
jectory u to be a sequence of positions, Pu = (P1,P2, . . . ,Pnu), and
P the set containing all the sampled positions from all the visitors
together. We computed the positions’ KDEs, f̂σ(P|P), using Equa-
tion (1) and Scott’s rule [Sco15] for bandwidth selection. Panel
5D shows KDEs from the three exhibits and the in-lab experience.
From a visual inspection, we find that the KDEs from the exhibits
(i.e., ArcheoVirtual 2023, TourismA 2024, and TourismA 2025) are
more consistent among themselves compared to the in-lab dissem-
ination event KDE (in-lab experience). The in-lab 2D KDE shows
how the free-moving visitors mostly moved on the tomb floor and
did not explore the parts of the tomb that required stepping on
the raised tumb “carved benches”, while the exhibit visitors KDE
showed that exhibit visitors tended to position themselves on these

raised structures. An interpretation is that a behavior they would
have had in real life was carried over in the in-lab setting, where
the visitors were free to move more naturally, but was not carried
over in the situation in which the use of teleport seemed to “inhibit”
a natural exploration. Alternatively, since the teleport uses an illu-
minated disk as an interface to show reachable positions, this may
encourage the users to explore more unusual portions of the scene.
Panel 5F shows that the Py position was mostly constant. Panel 5G
shows that session duration was consistent between exhibit and in-
lab visits, with some outliers in the exhibit sessions. Panel in 5G
shows that given the sampling rate 0.2 s, most of the displacement
in position between successive positions is very small. As opposed
to teleport movements that are clearly marked by large instanta-
neous displacements. Indeed, we observe that in the in-lab experi-
ence case, visitors’ teleport use is negligible. See the zoom insert
in the plots in 5G.

To study how the users’ trajectories Pu clustered in different
groups, we implemented the agglomerative clustering model dis-
cussed in section 4. We computed the position’s KDE f̂σ(P|Pu)
for each user’s trajectory, u. To do this, we used Equation 1, and
Scott’s rule [Sco15] for bandwidth selection. Figure 6 shows the
hierarchical clustering output we obtained. To obtain this output,
we selected the Pearson correlation to compute the cost function
for the agglomerative clustering algorithm. The Pearson correlation
between the view trajectory KDE couples is defined as

ρ(u,v) =ρ( f̂σ(P|Pu), f̂σ(P|Pv)) =

=
∑x,z( f̂σ(P|Pu)−Mu)( f̂σ(P|Pv)−Mv)√

∑x,z( f̂σ(P|Pu)−Mu)2 ∑x,z( f̂σ(P|Pv)−Mv)2

(3)

where Ma = ∑x,z f̂σ(P|Pa). Panel 6A shows the trajectories’ pairs
with the highest and lowest Pearson correlations. Given the Pearson
correlation definition, we obtained the Pearson correlation matrix
shown in Panel 6B on the right. Thus, we computed the agglomer-
ative clustering algorithm, with d(u,v) = 1−ρ(u,v) and the com-
plete linkage criterion, and obtained the dendrogram in Panel 6B
on the left. We stopped the iterative agglomeration process when
we reached three clusters (see Panel 6B). Figure 6C shows, with
Merkhet [FFD∗21], where the visitors in the three clusters C0, C1,
and C2, respectively, stopped the most, elucidating how the three
clusters were differentiated by their exploration patterns. Visitors
in clusters C0 and C1 spent most of the time exploring the central
area delimited by the floor of the Tomb. Meanwhile, visitors in C2
spent more time in the raised sections of the Tomb and got closer
to the niches. Trajectories in C0 spent more time on the raised sec-
tions of the Tomb compared to visitors in C1, and spent more time
close to the right column. In comparison, the visitor in C2 spent
more time close to the left column. Visitors in C2 and C0 explored
the Tomb more systematically.

5. Discussion and Future Work

Procezo’s is meant to foster collaboration among teams of experts
with different backgrounds. For this reason, Procezo’s methods can
be implemented either as intuitive web interfaces, as Python scripts,
or as Jupyter Notebooks. Allowing teams composed of data scien-
tists and domain experts to collaborate by having data scientists
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B) Dendrogram and Correlation Matrix

C) Clusters

A) Clusters
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C1

C1

C0 C2

Figure 6: Agglomerative clustering of Cerveteri’s Tumb users’
position trajectories. A) Shows the two visitors’ trajectories with
the highest correlation (best match), and the two trajectories with
the lowest correlation (poorest match). B) Agglomerative cluster-
ing dendrogram, obtained using d(u,v) = 1− ρ(u,v) as a metric
(where corr(x,y) is the Pearson correlation between the KDE of
two trajectories), and the complete linking condition. The x-axis is
the WCD, the linking condition value at which the clusters merge.
We obtained three clusters. To the right of the dendrogram, we
present the Pearson correlation matrix between all view trajectory
KDE couples. C) Shows the three trajectories’ clusters, and the rel-
ative aggregated cluster KDE.

prepare apps that allow domain experts to interact directly with
the data. Furthermore, the nested data system and the relative data
structure are conceived to protect the data, and to track the data
version evolution obtained with process methods and aggregate
methods. This structure allows the team to test different pipelines
and different methods parameterizations simultaneously. Further-
more, this structure allows easy changes in data analysis strategies
that can be especially useful in exploratory analysis. At the end
of the project, we will have domain expert evaluations through the
H2IOSC transnational application (TNA) calls, which we will use
to validate Procezo’s usability and derive quantitative performance
metrics.

Procezo’s main challenge is to demonstrate how analytics and

machine learning can guide cultural heritage curators to improve
outreach and engagement of virtual and real exhibits visitors. Here,
we showed how Procezo was able to recognize interaction patterns
in AI-generated panoramic landscapes and cultural heritage appli-
cations. Showing the ability to distinguish different patterns in dif-
ferent visitor control groups.

In the future, we intend to test how well Procezo can be used
to test different experimental conditions, or to study the effects of
small design changes in cultural heritage applications. For example,
we could test the efficacy of different audio content in maintaining
visitor engagement, or we could test the effects of different museum
layouts. These experiments would allow cultural heritage creators
to apply data-driven user experience design. Furthermore, we aim
to extend Procezo, for real-world tracking, but this would require
a new module able to segment data that is not already in tabular
form. This would be of great interest for the application of Procezo
to real-life exhibits. Finally, we will also test the opportunity to use
different kinds of sensors, such as EEG neuroscience sensors, and
smart environmental control sensors. EEG sensors will allow us to
apply Procezo in experiments that combine cultural heritage and
neuroscience. Environmental sensors could be interesting to moni-
tor cultural heritage sites and to predict the effect of environmental
conditions on degradation.

6. Conclusion

We developed a modular application that allows the collaboration
of teams composed of data scientists and cultural heritage experts.
Procezo allows data scientists to develop customizable pipelines
and cloud-based web interfaces using Python and Jupyter. Con-
sequently, with these interactive web interfaces, cultural heritage
experts can interact directly with the data and formulate different
testable hypotheses that allow data-driven design. The implemen-
tation of data-driven design in the context of cultural heritage assets
will enable the testing and development of new outreach and dis-
semination paradigms, grounded in the observation and analysis of
visitor interaction patterns. This may have an important impact on
how the general public relates to cultural heritage, fostering a pos-
itive cycle of enrichment of the community and recognition of the
cultural heritage. It may also allow the design of cultural heritage
assets tailored for visitors with varying needs and perspectives. On
the other side, data-driven UX may lead to excessive gamification
as observed in social media, and this may shallow the understand-
ing of the cultural complexity and connections in cultural heritage
assets that form the intricate texture of human heritage. In conclu-
sion, Procezo and more generally the Interlumo immersive analytic
modular pipeline may have an important impact on the curation
of virtual and real-life cultural heritage experiences. In future re-
search, we hope to be able to explore these deep-rooted intricacies.

Data Availability

Procezo’ suite can be found on GitHub’s repository
https://github.com/ggosti/procezo-dush.

Abbreviations

The following abbreviations are used in this manuscript:

https://github.com/ggosti/procezo-dush
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AI Artificial intelligence
BCI Brain–computer interface
HMD Head-mounted display
H2IOSC Humanities and Cultural Heritage Italian Open Science
IA Immersive analytics
KDE Kernel density estimation
ML Machine learning
RI Research Infrastructure
UI User Interface
UX User Experience
VR Virtual Reality
WCD Within-cluster distance
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