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Abstract
Automatically identification of an optimal, representative or relevant viewpoint for a given 3D object is an important task with
several applications in digital marketing, visualization, 3D data management and shape retrieval. An objective function to
optimize the viewpoint is difficult to define in purely geometric terms, given the semantic and aesthetic bias a user is likely to
introduce when presented with a target object. Therefore, supervised data-driven approaches are a natural candidate to address
the problem. This implies the availability of large datasets describing natural point-of-view preferences for a number of object
categories. In this work, we present a framework designed to harvest this kind a dataset. The system involves tasking end-users
with answering general qualitative questions about a displayed 3D object, while silently collecting point-of-view information.
In other terms, we capture viewpoint preferences as a latent objective, allowing for an unbiased observation of user behavior in
performing various tasks that involve object visualization. We publicly release both our dataset of collected viewpoint statistics
and the tool to harvest them, which is easily configurable by experimenters to collect more data in the future or integrate the
approach into online 3D viewers.

Keywords: viewpoint determination, object inspection, visual an-
alytics

1. Introduction

The ability to choose a viewpoint for an object in such a way that
effectively communicates its functional and aesthetic aspects to the
target observer, without the use of additional explanatory elements
(such as annotations or captions), remains an under-explored area,
despite its potential impact in various fields, from visual commu-
nication, to human-machine interaction [Nor13], with direct appli-
cations ranging from e-commerce, thumbnail creation, shaper re-
trieval, or even 3D scene navigation [BBT∗13].

The viewpoint from which an object is observed has a decisive
influence on visual perception: it may increase the attractiveness
of the object and make it more easily recognizable, or conversely,
it may cause ambiguity, confusion and loss of focus to important
details. This becomes especially crucial for 2D renderings of three-
dimensional objects and environments, such as a photorealistic ren-
dering for catalog display, the production of promotional content
and 2D or 3D presentation of objects in online shops. The cur-
rent strategy is to use images from different standard angles, or to
choose the angle according to personal taste.

In some object categories, the optimal pose can be intuitive or
trivial to suggest, like when the objects are of simple, symmetrical
structure or when is a predefined artistic intent in their presentation.
In most cases, determining a well-placed projection of an object is

Figure 1: A snapshot of our dataset analyzer. The sidebar aggre-
gates session statistics, such as total sample count and average in-
teraction distance. The Mean-Shift clustering is shown through in-
dividual data cards a Polar Heatmap on a wireframe sphere shows
the 3D viewpoint distribution (lower right).

more difficult. Many cases arise when subjective goals are involved,
such as looking for a particular detail of interest, or when factors
external to the object itself are involved, including relative position-
ing within a virtual environment or interaction with lighting.

Previous studies have addressed the problem by taking a geo-
metric approach, based on shape analysis, in which the determina-
tion of the optimal viewpoint is made by metrics derived directly
from the structure of the 3D model. The proposed methods calcu-
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late visual entropy based on the distribution of visible surfaces, or
assess the local saliency of vertices by weighting their exposure in
a given view [LVJ05]. However, other studies have highlighted how
visual perception is deeply influenced by cognitive and emotional
mechanisms [BTB99]. In fact, research in neuroscience and psy-
chology shows that different shapes can cause different affective
reactions [BN07].

It is therefore natural to ask: what criteria should be used to se-
lect the viewpoint? Should a purely geometric approach be favored,
maximizing visibility of surface area or salient features? Or is it
more appropriate to highlight the functional features of the object,
those that tell its purpose or function? How do aesthetic factors
blend in with the functional aspects of the object? Which categories
of objects are more prone to subjective preference of a viewpoint?
Can we identify clusters of preferential viewing directions? These
questions open the way for a broader reflection on the relationship
between object, observer, and visual representation, suggesting the
need for more user-centered approaches.

The motivation behind this work lies in the desire to approach
the problem through direct observation of how users spontaneously
interact with 3D objects in digital environments. The goal is to de-
velop a data-driven approach to continuously collect and analyze
data about the behavior of observers to deduce the most meaning-
ful viewpoint(s). Furthermore, users often approach the same ob-
ject with different goals. For example, inspecting its overall struc-
ture, examining specific parts, or understanding functional aspects.
These goals can lead them to follow different exploration paths
in the viewing space. Consequently, the viewpoints they select or
spend more time observing are influenced not only by the object’s
semantics but also by the users’ underlying intent, which, in con-
trast to previous works, becomes a key factor in our investigation.

This paper contributes to the field of visual analytics and object
retrieval as follows:

• we introduce the idea to base viewpoint selection on actual ob-
servations of user interactions with 3D objects;

• we develop a tool to harvest user’s preferences of viewpoints:
importantly, viewpoints are collected indirectly, without explic-
itly asking users for a preferred viewing angle, but observing
their choices while they perform a 3D task;

• we provide a first harvested dataset, offer a preliminary visual
and quantitative analysis, and offer a framework to repeat this
analysis.

2. Related Work

The problem of determining the optimal view for a given 3D model
is often termed the “best view” problem. We refer to a recent survey
[BFS∗18]. In the following, we outline more relevant contributions.

2.1. Geometric approaches

Several approaches have been proposed to define the optimal view-
point focusing on geometric criteria.

Earlier methods determined the validity of a viewpoint a func-
tion of the visibility of the faces of the model. Viewpoint entropy

[VFSH03], for example, is a measure of visual information calcu-
lated from the distribution of projected areas of faces visible from
a given viewpoint. The assumption is that a view is more informa-
tive if it has a well-balanced, heterogeneous distribution of visible
surfaces. This is extended by incorporating mutual information be-
tween different views [FSG09], to guide the viewpoint selection in
multi-view contexts.

More recent approaches assess the saliency of each vertex of the
3D model, a measure of how much a point on the surface stands
out compared to its neighbors; potential viewpoints are then scored
according to the total saliency of the visible vertices [NCL15], op-
tionally favoring frontal views of salient points [LST12].

Our data-driven approach requires no assumption about the rele-
vance of a-priori geometrically justified measures such as saliency
or view entropy.

2.2. Beyond geometry

Several studies suggest that shape perception is not explained solely
by geometric terms. Different shapes, such as curved or angular
forms, evoke distinct emotional responses at a neural level, indicat-
ing a deep link between geometry and emotions [BN07,BPGG16].
Similarly, geometric illusions reveal that perception is influenced
by internal psychological mechanisms, beyond mere spatial mea-
surement [SSC16]. According to Gestalt psychology, perceptual or-
ganization occurs on the basis of mental and subjective principles
that actively structure visual experience [WEK∗12].

Neural approaches use a limited number of pre-defined view-
points and map the problem as a selection process, from which
preferential views are inferred [HSO∗22]. In contrast, we use free
viewpoint exploration and continuous recording.

Models based on a linear combination of visual criteria have
been proposed [SLF∗11]: visible area, contours, and salient edges,
which are assigned differential weights learned from experimen-
tal data. This approach not only considers geometric information,
but aims to reflect observers’ preferences, thus approaching shape
evaluation based on subjective visual experience derived from ask-
ing subjects to choose the best views of 3D models.

Semantics-driven approach [MS09, Lag10] extracting semantic
features through geometric analysis or structural decomposition of
the 3D mesh, and assume that good viewpoints result in good rep-
resentation and balance of the semantically distinct areas in the re-
sulting image. Again, our purely data-driven approach is comple-
mentary and completely foregoes that assumption.

A seminal contribution is the benchmark by [DCG10], which
formalizes the discrepancy between purely geometric metrics and
human judgment through a large-scale user study. Although their
work establishes a ground truth for human-centric selection, our
approach leverages this principle of collective preference to build a
more streamlined and accessible data-driven process.

Despite its limited scope, a recent study [JMF∗25] analyzes
how users in VR environments select preferred viewpoints for 3D
graphs. Preferences emerge from aesthetic measures such as visual
stress, node overlap, and principal axis visibility; these are not ge-
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ometry based, but subjective evaluations driven by layout and vi-
sual clarity.

These approaches are close to the direction of our work. Our pro-
posal differs in the adopted method: instead of using complex tech-
nologies such as virtual reality or conducting elaborate studies that
integrate geometric and psychological factors, we rely on a simpler
and more accessible approach, guided solely by the collected data
the identification of the best viewpoints. More importantly, in our
questionnaire design, we keep the view-selection objective undis-
closed, aiming at a more natural observation of the model inspec-
tion process.

3. Methodology

The proposed system consists of a harvesting tool to capture pre-
ferred viewpoints (Sec. 3.1) as well as a visualization tool to pre-
view and analyze captured viewpoints (Sec. 4.1).

Using the data harvesting tool, test subjects, the participants of
the experiment, interactively inspect a 3D model, while the sys-
tem silently captures their viewpoint preferences as they perform
seemingly unrelated quizzes on the 3D model. Its interface is de-
signed for clear and intuitive interaction, facilitating the natural
exploration of the 3D models, even for completely inexperienced
users.

Before the experiment, a data analyst prepares the set of ques-
tions, by defining and customizing each question in the question-
naire through a set of parameters. Our tool includes an easy to use
framework for this task. Unlike for test subjects, we assume a basis
of computer science literacy from the data analysts preparing the
questionnaire.

The entire system is implemented as a web-application that can
be hosted in a web site, to facilitate ease of access and facilitate the
administration of the questionnaire.

3.1. Data Capture Tool

In our system, the capture of viewpoint data is performed indirectly,
by displaying 3D models of objects and challenging the participants
to perform various object-related tasks that require the inspection of
the objects with different intents The tasks are provided in the form
of a questionnaire can include questions such as “Which of these
T-shirts do you like best?”. Users interact with the 3D models in
order to provide an answer, guided by their personal aesthetic pref-
erences and visual perception of the object’s features or functional-
ities. The system then records the used viewpoints, as a proxy for
their visual interest. The input-output flow is designed to be non-
intrusive, distinguishing between active navigation and intentional
observation. Continuous camera movements allow for spatial ex-
ploration, and the system captures a viewpoint only when a stable
pause is detected. These pauses are interpreted as indicators of vi-
sual interest, suggesting that the participant has found a viewpoint
worthy of closer inspection.

In each session, we also collect some basic information about the
participants. These data are provided voluntarily, anonymously, and
only after the user has given their explicit consent. We include this
information in the collected database, for any subsequent analysis.

3.1.1. Questionnaire Structure and Task Design

The questions are structured to promote active exploration and in-
teraction with the 3D models. To observe how stylistic, structural,
and geometric variations affect viewpoint selection, the question
can include intra-class repetitions (presenting multiple distinct vari-
ations of items such as shoes, chairs, or cups).

Our framework supports three types of questions:

• Multiple meshes: The user is asked to compare and choose one
out of several concurrently or sequentially shown 3D objects that
best satisfies a specific query (see Fig. 2, left);

• Single mesh: A single 3D model is displayed, and the user must
provide an answer linked to the object’s attributes, perceived
functionality, etc (see Fig. 2, top-right).

• Photo mode: The user freely explores a single mesh and man-
ually triggers the capture to record the viewpoint they perceive
as the most representative or aesthetically pleasing for taking a
photograph (see Fig. 2, bottom-right). In this case, the automatic
viewpoint capture is disabled.

To systematically investigate how user intent shapes observation
behavior, the tasks can be formally coupled with the objects based
on three semantic and functional dimensions:

1. Functional Affordance & Semantics: Applied primarily to
single meshes, these queries stimulate the user to decode the ob-
ject’s purpose or utility (e.g., “What does this machine train?”,
“What is this knife suitable for?”, or “Where would you place
this piece of furniture?”).

2. Context-Driven Selection: These tasks force users to inspect
the geometric and semantic features of multiple intra-class mod-
els to evaluate their situational appropriateness (e.g., “Which
shoe is more suitable for running?”, “Which backpack would
you take to the mountains?”, or “Which car looks faster to
you?”).

3. Subjective Hedonic Preference: Designed to explore aesthetic
judgment and personal taste, these questions capture potential
hidden consensus in viewpoint preferences driven by emotional
or commercial value (e.g., “Which cup would you prefer as a
gift?”, “Which armchair would you sit on to read a book?”, or
“Which plate do you prefer?”).

By hiding the viewpoint enquiries behind intuitive real-world de-
cisions (utility, context, and taste), the system captures how humans
naturally look at objects when actively decoding their functional
and semantic meaning, ensuring the recorded data is free from the
cognitive biases of explicit viewpoint elicitation tasks.

3.1.2. Triggering Viewpoint Sampling

To ensure geometric consistency, object coordinates are by default
centered and normalized based on the bounding sphere of the ob-
ject. The normalization matrices (representing the translation and
scaling) are stored alongside each mesh, allowing the viewpoint
to be mapped back to the original world space. All recorded cam-
era parameters specifically the position c, the viewing direction f,
and the up vector u are expressed relative to this normalized ob-
ject space. Camera positions are not restricted to the normalized
bounding sphere.

© 2026 The Author(s).
Proceedings published by Eurographics - The European Association for Computer Graphics.



4 of 7 G.Roveda, G.Papaioannou, A.A.Vasilakis, and M.Tarini / Harvesting natural points-of-view preferences for arbitrary objects

Figure 2: An example for each of the three supported types of questions.

Additionally, a recording is made to capture the final viewing
position before switching to a new mesh. This is because we believe
that, in most cases, users tend to leave the object in a stable position
after gathering the necessary information.

The conditions that trigger the capture of a viewpoint are con-
trolled by two threshold values: the stability time threshold tt and
the angular threshold tα. Whenever the camera view-direction or
up-vector stays within tα angle for more than tt seconds, a new
viewpoint is captured; the same viewpoint is not captured again
until the cumulated change exceeds tα again. We empirically iden-
tified tα = 7◦ and tt = 0.7s to work well in practice.

3.1.3. Ethics and Privacy

To ensure that the collected data is free from cognitive bias, we
do not initially reveal the actual purpose of the study. This is a
form of controlled deception that conforms to major guidelines
on ethical research with human subjects such as the Belmont Re-
port [Nat79] and the ethical code of the American Psychological
Association [Ame17].

In the debrief at the end of the experience, we explain the true
purpose of the study and the type of data collected. At this stage,
the test subject has full discretion to withdraw from the study and
request deletion of their data, even if it was collected anonymously.
This way, we maintain scientific integrity while protecting partici-
pants’ rights and freedom of choice.

In order to comply with data protection regulations, the system is
designed to operate completely anonymously. Each user is identi-
fied by a UUID (Universally Unique Identifier) generated at the be-
ginning of the session. No personally identifiable information such
as name or email is required or stored. The only demographic data
collected is the age range (1–15, 16–25, 26–40, 41–65, 65+), poten-
tially usable for future statistical analysis yet insufficient to identify
individual identities.

3.2. Implementation

Our framework is designed to make it easy to define of new ques-
tioners over 3D objects. The succession of questions is represented
as an array, each entry being a tuple with a title, the text of the ques-
tion, a set of contextual parameters, the initial viewpoint, the type
of camera controls (Sec. 3.2.1), and lighting parameters.

The framework adopts a client-server scheme, consisting of three
main components:

Front end: an interactive web application that handles 3D model
display, application submission, and user motion capture. 3D
rendering and camera control are managed through Three.js;

Application server: a RESTful server developed in Python that
receives and stores data in the database;

Database: a PostgreSQL storage system where the experiment
data are recorded.

3.2.1. Camera Control

Although more sophisticated alternatives exists [MCS16], the sys-
tem supports two simple mouse-controlled interaction models: Or-
bit and Trackball controls. Both modes allow users to control rota-
tion, zooming, and panning. The Orbit mode constrains the cam-
era’s up-vector to the world Y -axis, preventing the object from
appearing upside down and providing a more stable and intuitive
experience for most users. In contrast, the Trackball mode offers
unconstrained rotation around all axes, which is essential for in-
specting objects that lack a clear “up" orientation or have poorly
initialized coordinate systems. Experimenters can select the mode
that best fits the specific 3D model or task to minimize unwanted
movements and user frustration. The system also includes a flag to
indicate whether the camera parameters should be restored to the
last user-selected viewpoint after replacing a mesh, ensuring visual
consistency or a restart as required by the context of the question.

© 2026 The Author(s).
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Figure 3: Interaction prompt that appears each time a mesh is
loaded for the first time.

3.2.2. Motivating User Interaction

An issue identified during early testing was that when a model was
loaded in a frontal position, many users interpreted it as a static im-
age, drastically reducing their desire to interact with it. An initial
attempt to address this behavior involved randomizing the initial
camera angle when the mesh was loaded. However, this solution
introduced undesirable effects, such as a lack of consistency be-
tween questions. Therefore, this strategy was replaced by a more
controlled approach: we added a blur effect to the scene upon dis-
play of the content for the first time, accompanied by an informa-
tional message asking the users to interact with the model to con-
tinue. This solution had a strong positive impact, especially on less
experienced users (see Fig. 3).

To further encourage interaction and ensure more fair coverage
of the provided 3D models, we introduced a controlled progress
system within the questionnaire: In order to answer a question, the
participant must first interact with all the meshes associated with it.
This constraint ensures genuine exposure to the models and helps
prevent superficial or insufficiently explored responses.

4. Experiments

We tested our own system by conducting a first viewpoint harvest-
ing session, involving approximately 50 participants. We imple-
mented a questionaire consisting of 17 distinct questions distributed
across a heterogeneous dataset of 45 3D meshes, harvesting a total
of 10,006 user-generated viewpoints.

The 3D models were obtained from the Sketchfab platform
[Ske26]. To ensure an engaging experience and minimize user fa-
tigue, they represents a diverse range, including both realistic ob-
jects obtained through photogrammetry and artistic creations.

The results indicate that the interface is intuitive, with a high
degree of task completion. After experiment discussion with tes-
tees revealed that the questioning system acted as an incentive for
deeper object exploration: the participants’ desire to provide ‘cor-
rect’ or thoughtful answers led to a meticulous examination of the
3D models. This ‘gamified’ pressure reduced casual or hurried in-
teractions, making the captured viewpoints reflect a genuine, delib-
erate analysis of the functional or aesthetic features. We performed
a preliminary data analysis on the captured data, as follows.

4.1. Methods of analysis of captured data

We compute aggregated statistics for each object: the total Point of
View (POV) count and the Average Distance d̄ = 1

n ∑
n
i=1 ∥Pi∥, re-

flecting the users’ preferred zoom level. To visualize distribution of
view directions, a Polar Heatmap serves as a 3D spatial histogram:
each POV is projected onto the unit sphere, highlighting (see Fig. 1,
lower left).

Then, we also implemented a Mean-Shift clustering (which, un-
like k-means, requires no a priori specification of the number of
clusters k). See Fig 4 for an example.First, we remove zoom bias
by projecting each view position into a unit sphere centered at the
object’s origin. Then, we fix a bandwidth parameter of h = 0.5,
corresponding to a ≈ 30◦ aggregation window. To avoid over-
smoothing semantic viewpoints (and also to improve efficiency),
we constrain the optimization to 5 iterations, which serves as an
early-stopping regularizer. After convergence, we merge similar
seeds with a merge threshold ≈ 11.5◦. We remove outliers from
erratic camera movements discarding any clusters including fewer
than 4% of the viewpoints.

For each resulting cluster of nc view directions di, we extract the
angular standard deviation σθ with Von Mises-Fisher:

σθ =

√√√√−2ln

(∥∥∥∥∥ 1
nc

nc

∑
i=1

di

∥∥∥∥∥
)
. (1)

To foster further experiments and reproducibility, each of the
above functionalities have been implemented in a reusable system
that we provide as a part of our framework, complete with a user
interface to compute and report the above statistics (see Fig. 1).

4.2. Results of the Statistical Analysis

The metrics extracted, the number of clusters k (see Fig. 5), the
Main Cluster Percentage (MCP), and the Convergence Index (CI),
revealed distinct categories of user observational behavior, appar-
ently influenced by geometric shape, functional relevance, and tex-
tural information. By cross-referencing the statistical metrics (Ta-
ble 1) with the visual evidence in Figures 6-8, three cases of user’s
behavior emerged:

Viewpoint consensus. A portion of the dataset exhibits a “uni-
modal” distribution, where users reach a consensus on the object’s
representative view. This semantic frontalism is particularly evident
when the model has a clear functional orientation. For example,
in the wardrobe example (Fig. 6-mid), participants instinctively
adopted an interaction-oriented perspective, reflecting the typical
angle of observation in a physical environment. For objects where
a specific function is not the primary interest, such as the statue,
users gravitate toward sides with the most salient features (Fig. 6-
top), resulting in sharp density peaks and CI values exceeding 89.0.
Furthermore, textural information appears to compete with, and
sometimes override, geometric saliency: in the mug data (Fig. 6-
bottom), the majority of viewpoints were driven by recognizable
patterns on the textured surface rather than the handle’s geometry.
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Figure 4: Spatial distribution of camera frusta and cluster identifica-
tion. Top-left: the distribution of captured user POVs, color-coded
by the three clusters. Top-right: the three centroids. Bottom: the
view seen by these three viewpoints (with the proportion of the to-
tal captured user POVs).

Figure 5: Frequency distribution of identified clusters across the 3D
model dataset.

Clustered viewpoints. Fragmented observational patterns (k = 4
to 6) emerge when models possess multiple informative sides or
symmetrical structures. In cases of geometric symmetry, such as the
chair or backpack assets, users naturally investigate multiple
equally relevant viewpoints, preventing the emergence of a single
dominant perspective. However, even when a unique cluster fails to
define a globally optimal viewpoint (see Fig. 7), the gathered statis-
tics remain informative. In such instances, the clusters often align
along a consistent latitude, defining a globally acceptable “eleva-
tion zone” from which the majority of users inspected the object.
This suggests that while horizontal symmetry may induce fragmen-
tation across the azimuth, user behavior remains constrained by a
shared preference for specific vertical viewing angles, effectively
mapping the most significant visual horizon for the asset.

Table 1: Examples of viewpoint clustering statistics for models ex-
hibiting viewpoint consensus (top), clustered viewpoints (middle),
and scattered viewpoints.

3D Model Viewpoints k d̄ MCP(%) CI

statue 258 1 2.12 95.0 94.96
forniture 265 1 1.86 95.1 95.09
table1 232 1 1.94 89.2 89.22
vase2 58 1 2.25 96.6 96.55

chair 232 2 1.68 64.2 32.11
plate 164 4 2.02 60.4 15.09
backpack2 277 5 1.98 30.3 6.06
shoe 212 6 1.76 35.8 5.97

camera 302 6 1.99 28.5 4.75
camera2 258 6 2.02 43.4 7.24
car 283 5 1.67 39.9 7.99
shoe2 236 4 1.83 47.9 11.97

Scattered viewpoints. In complex assets such as camera, frag-
mentation reflects a split interest between competing functional in-
terfaces (e.g., lens vs. screen). This also includes cases where no
clear preference emerges (see Fig. 8). This likely indicates the need
for larger datasets to overcome the noise in limited observations.
Nevertheless, even these low-confidence statistics remain valuable
for applications like e-commerce, as they can directly generate im-
portance maps to drive 3D modeling priorities or digitization focus.

5. Conclusions and road ahead

In this work, we propose a flexible framework usable for harvest-
ing viewpoints for a given 3D model, and use it for a first capture
session. We publicly provide the captured benchmark (consisting
of viewpoints and complete with data on models, pertecipants -
anonymized), the questionnaire used, as well as the tools to build
custom questionnaires and replicate the preliminary analysis of the
results, are available on the official project page:

https://mips.di.unimi.it/pov-harvest/

Our aspiration is that this will serve as a ground truth for as-
sessing existing or future “best view” techniques, and, most impor-
tantly, to pave the road to a new category of data-driven approaches.
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