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From Percepts to Semantics: A Multi-modal Saliency Map to Support Social
Robots’ Attention

LORENZO FERRINI, PAL Robotics, Spain
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RAQUEL ROS and SÉVERIN LEMAIGNAN, PAL Robotics, Spain

In social robots, visual attention expresses awareness of the scenario components and dynamics. As in humans, their attention focus

should be driven by a combination of different attention mechanisms. In this paper, we introduce multi-modal saliency maps, i.e. spatial

representations of saliency in the world that dynamically integrate multiple sources of attention depending on the different contexts

of use. We provide the mathematical formulation of the model and an open-source software implementation. Finally, we introduce

initial exploration of its potential in exemplary scenarios of social situations with humans, as well as to evaluate its implementation.
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1 INTRODUCTION

Considerable effort has been dedicated by researchers towards the modelling of robots gazing behaviours. This is due

to the crucial role eyes have in human-human interaction [16]. Gazing behaviour is often understood as an expression

of the attentive status and mental state of the subjects involved in the interaction. In human-robot interaction (HRI),

researchers have found similar scientific evidence regarding the role played by a robot’s eyes in interaction with humans.

For instance, intimacy-regulation behaviours [29], social decision-making strategies [6] and mentalisation [31]. These

lead to the idea that robots gazing behaviour triggers in humans an inferring process about their attentional state.

Robots need two components to generate a gazing behaviour: an attention model and a gazing control system. In

this context, an attention model is a systematic way to generate saliency information for possible gazing targets aiming

at expressing the robot’s awareness of the current social situation and backchanneling interactions. The attention

model inputs should be both perceptual (e.g., an image stream from a camera) and semantic (e.g., information from

a knowledge base), while the output should be a data structure representing a saliency field. While the definition of

such a model takes inspiration from psychology and cognitive sciences, HRI also requires deviating to some extent

from them, as the field has practical necessities that require the model to be modulated and tunable depending on the

specific application.
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2 Ferrini et al.

In the past, efforts have been made in the field of visual attention behaviour generation for HRI [1, 4]. Most of the

proposed methods rely, implicitly or explicitly, in monolithic saliency estimation processes. They do not take into

account different types of attention information processing at the same time, merely focusing on a single modality, e.g.,

human faces or colour schemes.

Few attempts have been made to define a comprehensive multi-modal attention model for HRI [7, 9, 28]. However,

none of this work propose a standardised approach to represent salient information from the environment. Such

an approach would inform users and developers on how to extend and generalise the model to novel input types.

Additionally, these architectures have not been tested or compared with human gazing behaviours in social situations.

This comparison can serve as a baseline to measure the appropriateness of the detected saliency.

In this paper, we propose a novel approach to saliency modelling for interactive robots with the following features:

(1) multi-route-based, i.e. composed of a flexible number of parallel algorithmic units, with each unit generating

its own saliency estimation. The overall saliency structure is then formed by aggregating these individual

the saliency estimations through a saliency-combining operator. This approach allows both bottom-up and

top-down attention processes to be active simultaneously, in accordance with the concept of biasing effects in

attention inspired by biological principles, as described in the study by Kastner [24].

(2) input-agnostic, as every module translates the various inputs (of perceptual or semantic origin) into the same

type of spatial saliency information.

(3) spatially grounded, thanks to the representation of saliency information as a lightweight and scalable 3D

structure making it particularly suitable for actual robot gazing control.

In Section 3, we detail the theoretical aspects of the proposed approach. In Section 4, we describe its software

implementation as a ROS-based framework. This implementation includes core structures for integrating novel attention

mechanisms into saliency computation, along with examples of such integration. In Section 5, we evaluate the proposed

approach by comparing the saliency maps generated by the software with human attention in three social tasks.

2 MECHANISMS OF ATTENTION

From the literature, we identify three particular cognitive mechanisms, driven by exogenous and, partially, endogenous

cues, that are of particular relevance for social robots: low-level perceptual cues, semantic cues and social cues. In this

work, we introduce a mathematical formulation for a multi-modal saliency map for interactive robots. This formulation

is not tied to any specific cognitive mechanism and can integrate multiple sources of attention from the environment.

2.1 Cues driving attention

2.1.1 Low-level perceptual cues. Some of the human attention behaviours are linked to low-level perceptual processing.

For instance, colours, primitive visual features and contrast are known to play a determinant role in human visual

attention. This has inspired researchers to model attention and generate gazing behaviours in robots directly from

low-level perceptual information. In [37], the authors combine a bio-inspired visual saliency model for rapid visual

search [21] with a sound localization method [19] to generate a multimodal saliency map and control the iCub gaze.

Alternative types of biologically-inspired attention and gazing models are those imitating human vision-related neural

mechanisms through spiking neural networks [3, 14].

2.1.2 Semantic cues. Differently from low-level perceptual cues, semantic cues influence attention in a top-down

fashion. The human gaze is attracted by objects and scenario elements not only because of their colour, shape, or

Manuscript submitted to ACM
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From Percepts to Semantics: A Multi-modal Saliency Map to Support Social Robots' Attention 3

movement but also because of their semantics. These aspects are frequently in�uenced by the context: if a person is in

a room with a television and friends, their attention will focus on the television while watching a movie and on their

friends if they are having a group conversation. Observing these aspects, roboticists have tried in the past to replicate

similar behaviours in robots. In [5] authors propose a bio-inspired combination of bottom-up and top-down visual

features integrated in a probabilistic Bayesian framework, aiming at continuously shaping a probability density for the

following attention target. Here, visual features are mapped into target objects, and the memory of already attended

objects might in�uence the following target. In [34], the authors take inspiration from studies around modelling of

human retina [38] and proto-objects detection [36] to de�ne a bio-inspired attention model combining bottom-up and

top-down features.

2.1.3 Social cues.Due to the importance of human interactions in daily life, human attention to humans is naturally

driven by social cues: facial expressions, proxemics, gestures, etc.

Given the interactive nature of social robots, roboticists in the �eld have also tried to generate their gazing behaviour

starting from the social cues detected by humans in the scene. In [41], the authors build an attention model based on social

cues to generate a social gazing behaviour. They explicitly evaluate the saliency of the people in the scene combining

aspects such as proxemics, verbal cues, e�ective �eld of view and inhibition of return (IOR); a set of parameters for

the model were empirically extracted from a group of volunteers whose gaze was recorded while watching a video

of a social interaction between two people. In a similar fashion, the authors in [35] describe a method to generate

the illusion of lifein a robot through gazing behaviour. Here, the model targets one of the humans in the scene based

on distance, face pose and hand movements, which are known to be behavioural indicators of engagement and will

attract attention from others. In [2], the authors present a di�erent application for a heuristic-based approach, recording

and analysing videos from 24 dyadic interactions and later speci�cally modelling the gazing aversion behaviour for a

virtual agent. In [13] a data-driven model for gazing behaviour generation in a generic social interaction is presented.

The authors describe a collection of 7stimuli that they extract from the people in the scene (for instance, their head

pose and gaze direction) and input to a competitive neural network. The network can be trained over prerecorded

interactions between humans. In a follow-up work [12], the authors expand the presented architecture by adding a

layer of multiple LSTMs networks to implicitly model the IOR. In [18], the authors present an attention model for

balancing participation in group human-robot interactions. They propose two solutions to the problem: the �rst one

based on behavioural cloning, an interactive learning technique, the second one based on the Double Deep Q-Learning

algorithm, a reinforcement learning technique. In both cases, the model learns the gazing policy from videos collected

in [17] by evaluating the unevenness generated by the robot gazing during the interactions.

2.2 Combining a�ention mechanisms

Despite the di�erences in terms of approach used, all the works presented in the previous sections do not try to

formulate any solution to integrate their results with those from other studies. This limits their execution to the original

use case they were thought for and does not promote re-usability.

This issue has been previously investigated in [28], where the authors implement a visual attention management

system as part of a broader cognitive architecture. A possible attention target is represented in the architecture

knowledge base by adding a relationshipwant-seebetween the robot (that is, the subject) and the target (that is, the

object). A client-server structure manages all the objects connected to the robot by awant-seetarget in the knowledge

base, and a round-robin selection process establishes which one should be attended by the robot's gaze. This work,
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4 Ferrini et al.

despite going in the direction of trying to manage attention targets expressed by independent components, lacks a

dedicated saliency information representation and priority is de�ned only by the time the attention requests arrive (the

earlier, the higher). Moreover, other assumptions (such as prioritising targets close to the current gazing direction) limit

the �exibility in terms of generated gazing behaviour.

Another attempt to handle parallel attention processing is presented in [9], where the authors integrate a framework

based on attention-driven processes, ARCADIA [8], and a cognitive architecture for robotics, DIARC [39]. The authors'

ultimate goal is bridging low-level visual features processing and high-level cognitive processes. Despite this work

being the closest to the concept of attention model we are introducing in this paper, the authors do not discuss how the

attention model is represented in space, nor report their results in comparison with a human baseline to evaluate the

modelling performance.

In summary, our main contributions are (1) a mathematical formulation for a multi-modal saliency map for interactive

robots; (2) a software architecture for generating saliency maps in interactive robots; (3) an evaluation of the proposed

formulation and implementation, measuring how the generated saliency map aligns with human attention in three

social scenarios.

3 MATHEMATICAL FORMULATION OF A MULTI-MODAL SALIENCY MAP

As we showed in the previous section, di�erent attention mechanisms have been proven to be relevant in HRI. This

section presents the formal de�nition of a source-agnostic saliency map for interactive robots.

Through this formulation, we use the concepts ofSaliency MapsandA�ention Processing Units (APUs). Saliency

maps are spatial representations of saliency. They map 3-dimensional world coordinates to scores that indicate how

relevant each area is to the robot's attention. APUs are functions that take as input a subset of the information available

to the robot at a given time and output a saliency map. Each function represents a speci�c attention mechanism, with

its output providing a partial evaluation of global saliency.

To generate theglobal saliency map, we de�ne asaliency-combining operator through a set of properties that

ensure the robustness of the proposed approach. Finally, we propose a de�nition for this operator that adheres to the

required properties.

3.1 Mathematical formulation

We de�ne ( the set of all the perceptual and semantic information available to the robot at a given time andP¹( º its

power set; we de�ne the generic APUs space%as the set of functions:

%B fP¹ ( º ! " g (1)

" is itself a set of functions, where every element represents a saliency map:

" B f R3 ! » 0•1¼ � Rg (2)

Limiting saliency values between 0 and 1 bounds the scores semantics and avoids scores explosion due to the

combination of several attention mechanisms.

GivenG2 R3• ? 2 %•B2 P¹( º•< 2 " : < = ?¹Bº, then< ¹Gº = 0 would mean that?, given the subset of information

B, did not �nd any proof of relevance in terms of saliency for the pointG. On the contrary,< ¹Gº = 1 would suggest an
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From Percepts to Semantics: A Multi-modal Saliency Map to Support Social Robots' Attention 5

absolute certainty of the relevance of the point. The whole spectrum between these two semantics is represented by the

values between 0 and 1.

Over M, we de�ne the saliency-combining operator¢. To guarantee consistency and reliability in how saliency maps

are combined, the operator should be such that:

� when combining two or more saliency maps with¢, the result is another saliency map; this guarantees that

independently from the number of APUs, the combination of their saliency maps adheres to the saliency maps

properties.

� When combining two or more saliency maps, the �nal result does not depend on their processing order; this

guarantees that the APUs execution order does not a�ect the combination of saliency maps.

� When an APU does not �nd any relevant point in space, its empty saliency map does not a�ect the others; an

empty saliency map means that an APU has not found salient information, and this result should not a�ect the

�ndings of other APUs.

To respect these points, given three saliency maps< 1•<2•<3 2 " , we postulate that¢ should present four properties:

(1) commutative, that is

< 1 ¢ < 2 = < 2 ¢ < 1 (3)

(2) associative, that is

< 1 ¢ ¹< 2 ¢ < 3º = ¹< 1 ¢ < 2º ¢ < 3 (4)

(3) closed w.r.t. M, that is

< = < 1 ¢ < 2 ) < 2 " (5)

(4) identity element, that is

9< 0 2 " : < ¢ < 0 = <• 8< 2 " (6)

In di�erent words, we theorise that¹"• ¢•<0º should de�ne acommutative monoid.

We de�ne the set of active APUs as:

~%B f ~?8 2 %•8= 1””=g (7)

and their outputs (or the set of partial saliency maps) as:

~" B f ~< 8 : ~< 8 2 "• ~< 8 = ~?8 ¹Bº •8= 1””=•B2 P¹( ºg (8)

We de�ne the global saliency map, that is, the �nal result of the saliency estimation process, as:

6 B ~< 1 ¢ ~< 2 ¢ ”””¢ ~< = (9)

3.2 ¢ operator formulation

Taking inspiration from blending modes in computer graphics [27], given< 1•<2 2 " , we de�ne the¢ operator as:

< 1 ¢ < 2 = <

< ¹Gº = B2A44=¹< 1¹Gº•<2¹Gºº8G2 R3
(10)
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6 Ferrini et al.

where:

B2A44=¹0•1º = 0 ¸ 1 � 01• 0•12 R (11)

Intuitively, we choose this operator as given two values0•1 2 »0•1¼ � R, B2A44=¹0•1º � <0G¹0•1º. Due to the

(sometimes radically) di�erent nature of each APU, we should think of the scores generated as unlikely to represent the

same type of information. Hence, restricting the saliency value of a point in space to a speci�c one provided by an APU

or calculating the average of all the given values would imply deeming certain information processed by the APUs as

pointless or incorrect.

To prove thatB2A44=veri�es the four saliency-combining operator properties, we will start by proving that the

algebraic structure¹»0•1¼ � R•B2A44=•0º is a commutative monoid. For notation clarity, we will use� in place ofB2A44=.

Theorem 3.1.The algebraic structure¹»0•1¼ � R•� •0º is a commutative monoid.

Proof. We will independently prove that each one of the four commutaive monoid properties yield for¹»0•1¼ �

R•� •0º.

(1) commutative property:given0•12 »0•1¼ � R :

0 � 1 = 0 ¸ 1 � 01

1 � 0 = 1 ¸ 0 � 10
(12)

Then,0 � 1 = 1 � 0 is proven by commutative properties of addition and multiplication for real numbers.

(2) associative property:given0•1•22 »0•1¼ � R:

¹0 � 1º � 2 = ¹0 ¸ 1 � 01º � 2 = 0 ¸ 1 ¸ 2 � 01 � 12� 02¸ 012

0 � ¹ 1 � 2º = 0 � ¹ 1 ¸ 2 � 12º = 0 ¸ 1 ¸ 2 � 01 � 12� 02¸ 012
(13)

Then,¹0 � 1º � 2 = 0 � ¹ 1 � 2º.

(3) closeness: given0•12 »0•1¼ � R, we need to prove thati) 0 � 1 � 0 andii) 0 � 1 � 1.

(a) 0 � 1 � 0

0 � 1¹0 � 1º
Given that0 � 0 and1¹0 � 1º � 0, the condition is proved.

(b) 0 � 1 � 1

0¹1 � 1º � 1 � 1
If 1 < 1 then 1� 1 is strictly positive, and the inequality simpli�es to0 � 1, which is true. If1 = 0, then the

inequality simpli�es to 0 � 0. The condition is proved.

(4) identity element: given0 2 »0•1¼ � R:

0 � 0 = 0 ¸ 0 � 00 = 0 (14)

This proves that0 is the identity element for� over »0•1¼ � R.

We can now use this result to prove that¹"• ¢º de�nes a commutative monoid, that is,¢ as de�ned in Eq. 10 satis�es

the properties theorised for the saliency-combining operator. The¢ operator can be de�ned as the composition on"

induced by� . As per induced compositions properties [40], we have that:
Manuscript submitted to ACM
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Lemma 3.2.Associative property for� on »0•1¼ � R ) associative property for¢ on"

Lemma 3.3.Commutative property for� on »0•1¼ � R ) commutative property for¢ on"

Lemma 3.4.Being0 the identity element for the inducing operator� on »0•1¼ � R, then

< 0 2 " : < 0¹Gº = 0•8G2 R3 (15)

Given these results, we are missing the closure of the¢ operator on" to prove that¹"• ¢•<0º is a commutative

monoid.

Lemma 3.5." is closed under¢.

Proof. By the de�nition of ¢ as in Eq. 10 and� as in Eq. 11, and given Theorem 3.1, we have that:

< ¹Gº = < 1¹Gº � < 2¹Gº ) < ¹Gº 2 »0•1¼ � R•8G2 R3 (16)

We can therefore restrict the co-domain of< to »0•1¼ � R, that is,< 2 " .

Theorem 3.6.The algebraic structure¹"• ¢•<0º is a commutative monoid.

Proof. Given the previous results:

(1) Lemma 3.2 proves that¢ is associative on" ;

(2) Lemma 3.3 proves that¢ is commutative on" ;

(3) Lemma 3.4 proves that< 0 is the neutral element for¢ on " ;

(4) Lemma 3.5 proves the¢ closure on" ;

As the four commutative monoid properties are satis�ed,¹"• ¢•<0º is a commutative monoid.

We have then proved that¢, as de�ned in Eq. 10, satis�es the requirements suggested for a saliency-combining

operator. In the next chapter, we will illustrate a software implementation for the theorised model. We will use Eq. 10

as saliency-combining operator.

4 IMPLEMENTATION

Given the HRI-oriented nature of the tools described in Section 3, a software implementation is needed to demonstrate

their ability to model attention information in a robot's environment. Robots typically have limited computational

resources and must run other computation-heavy processes, such as navigation. Therefore, the implementation must

be lightweight.

We chose a ROS-based implementation. ROS is a mature platform for robot programming and provides the tools

needed to meet the desired performance. The software architecture is plugin-based. Plugins were implemented using

the ROSpluginlib C++ library. We developed two open-source ROS packages:

� attention_map : a package de�ning the basic structure and API for attention plugins development. We further

implemented four plugins, each one representing a di�erent attention mechanism.

� attention_plugins : a package de�ning the basic structure to handle the plugins loading and unloading, as

well as their saliency maps combination.
Manuscript submitted to ACM
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8 Ferrini et al.

4.1 a�ention_map

This package o�ers the software required to manage the plugins activation (that is, the software implementing a speci�c

APU), as well as their de-activation. This allows an attention information mapping which can adapt at runtime to

di�erent scenarios and contexts, dynamically changing the active APUs. Moreover, theattention_map node handles

the combination of the di�erent partial maps returned by each plugin, applying a software implementation of the¢

operator as described in Section 3, in itsB2A44=-based form.The attention_map package also de�nes some structures

to support the processing of evaluation scores for the model and classes to handle the saliency maps visualisation.

4.2 a�ention_plugins

Each plugin part of the package inherits from a base class,attention_plugin_base , which de�nes a generic interface

for the development of specialised plugins as well as an API for the 3D representation of basic shapes in the saliency map

such as spheres, cones and pyramids. Each plugin can subscribe to di�erent ROS topics. The set of all the information

collected from the robot and used at a given timestep representsB 2 P¹( º as described in Section 3. To represent

saliency maps, we opted for OpenVDB [32], a state-of-art fast library for dense, voxel-based, spatial representation.

Speci�cally, we used the OpenVDB structure as de�ned in the original OpenVDB library, which o�ers a variety of

tools supporting additional data processing over the data structure. Each plugin has its own OpenVDB-based saliency

map, representing the~< 8 2 ~" elements as described in Section 3. Theattention_plugin_base API o�ers tools to

e�ciently and transparently handle the transformation of the 3D information expressed in sensor frame into a reference

frame, which is common to all the plugins and should be set when starting the saliency modelling system. This allows

a coherent representation among all the plugins, independently of the nature of the information used to generate

the saliency information. The procedure establishing the sensor frame is not pre-determined, and every plugin can

implement this step di�erently; for instance, a plugin processing information from an RGB image might use the frame

de�ned in the header of the ROS Image message received. To test our approach, we developed four plugins, covering

the three attention mechanisms described in Section 2.

4.2.1 Optical Flow-based plugin.Human attention can be in�uenced and attracted by moving objects in the scene [20].

This has led in the past to the implementation of a similar attention mechanism in social robots [7]. We developed

the OpticalFlowPluginthat implements a low-level perceptual attention mechanism based on optical �ow. This plugin

subscribes to the RGB stream of a camera, and given two consecutive frames, the plugin computes the optical �ow

intensity as per the OpenCV implementation of the Farnebäck [15] method. It extracts the coordinates of the pixel with

the highest intensity, and unproject the pixel, i.e. compute the equation of the 3D vector
�!
>5originating at the camera

sensor, and passing through the pixel.

This vector is transformed in the plugin's saliency map into a cone of aperture\ = 0”2A03with a saliency< ¹Gº = F>5

along the cone's principal axis, decreasing towards zero at the edge of the cone:

< ¹Gº =

8>><

>>
:

F>5 � 4� 3 ¹G•
�!
>5º

A for Ginside cone

0 elsewhere
(17)

whereF>5 is a weighting parameter that can be used to tune the plugin's performance,3¹G•
�!
>5º is the distance of

point Gto the cone's axis andA= ¹G�
�!
>5º � C0=¹\ º. To stick to the saliency map de�nition,F>5 2 »0•1¼.
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4.2.2 Object-based a�ention plugin.Object-based attention, that is, the attention elicited by objects (and their semantics),

is known to be a relevant mechanism in humans [10]. As showed in 2, aspects regarding object detection have

already been implemented for generating visual attention behaviours in robots. Here, we have implemented the

ObjectDetectionPlugin. This plugin does not directly perform object detection, but subscribes to a topic where information

on the detected objects in the scene are published. Another node performs the object detection and publishes the

detected bounding boxes as vision_msgs/Detection2Darray. In this case, we used a YOLOv8 [22] ROS wrapper to detect

objects and publish the related information; the wrapper can also perform position estimation for the object, when the

depth image of the scene is available. The plugin, starting from the object detection data, adds saliency information for

each detected object to its map:

� if no depth information is available, as pyramids. These have origin in the camera frame, �xed length and are

oriented toward the direction associated with the central pixel of the bounding box;

� if depth information is available, as spheres. The plugin computes the radius of the sphere through the depth

camera intrinsics, to make it �t the associated bounding box.

For objects, saliency is context-dependant. Other works in the past investigated context-dependent attention be-

haviours in social robots [7]. In order to establish the saliency of the objects in the scene, the plugin leverages a Large

Language Model. The plugin queries ChatGPT [33] for the saliency values of the objects in the scene, providing a list of

objects and a context in YAML format. In the initial prompt, the plugin speci�es:

� the task context;

� the format that ChatGPT should expect for the queries;

� the format that ChatGPT should use for its answers, that is, YAML;

� the minimum and maximum value for the objects saliency. We �xed the lower bound to 0 and the upper bound

to F>3 2 »0•1¼, a tunable parameter.

Then, by sending the following input (withF>3 = 1”0):
context: "You are watching a presentation on the TV screen during a

professional meeting."

objects: ["tv", "cup", "person", "cell phone", "potted plant"]

ChatGPT returns:
tv: 1.0

cup: 0.4

person: 1.0

cell phone: 0.7

potted plant: 0.3

We use those values to set the saliency score. The plugin-ChatGPT communication was implemented by means of a

ChatGPT ROS wrapper. The plugin exposes a service to dynamically change at runtime the context, which might imply

an update in the objects saliency scores.

4.2.3 Face detection plugin.Faces are known to attract human visual attention, even when competing with relevant

objects in the scene [25]. As we have seen in Section 2, this has motivated various authors to study and implement

attention mechanisms based on face detection and face-related features. Here, we developed theFacesPlugin. The plugin

does not directly perform face detection, retrieving information regarding the position and orientation of the faces in
Manuscript submitted to ACM
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the scene. This information is published by another node, whose role is to detect faces and perform pose estimation. All

the data is published according to the ROS4HRI [30] standard, and the plugin uses thelibhri API to access it. The

plugin maps each face in the space according to the retrieved face pose, modelling it as a sphere with a �xed radius

A. Then, it assigns a saliency score to each pointGlying inside the sphere, with a maximum value ofF 5 3 2 »0•1¼,

according to the following formula:

< ¹Gº =

8>><

>>
:

F 5 3 � 01B¹2I � GI º
A for Ginside the sphere

0 elsewhere
(18)

whereF 5 3 is a tunable parameter to variate the plugin performance,GI and2I are the coordinates of the point and

the face's center alongside the camera optical axis. This score is meant to generate a higher saliency for the central area

of the face when this is frontal to the camera.

4.2.4 Agents gaze plugin.The gazing behaviours of other agents present in the environment also o�er important social

cues to direct one's attention. This mechanism, joint attention [16], has been investigated in details in HRI, both in

terms of implementation and e�ects on the interactions with humans [11].

We developed theAgentsGazePlugin, whose purpose is to identify the gazing targets of other people, and map them

to a dedicated saliency map. As in theFacesPlugin, the node does not directly perform the gaze estimation, which is

provided by the ROS4HRI API. We simply retrieve the gaze direction of each agent in the scene through thelibhri

library as a/gaze ROS TF frame. The origin of the frame is placed on the sellion of the associated face. The frame is

oriented to have itsI axis oriented in the gazing direction, and accordingly, the plugin represents the region of space

currently looked at by the agent (i.e. his/her current �eld of attention) as a cone.

We set the aperture of the �eld of attention to\ = 0”5A03. The equation of the saliency map is then simply:

< ¹Gº =

8>><

>>
:

F06 for Ginside the cone

0 elsewhere
(19)

whereF06 2 »0•1¼is a weighting parameter that can be used to tune the plugin behaviour.

5 EVALUATION

5.1 User data collection

To evaluate the e�ectiveness of the proposed saliency-mapping approach, we conducted a comparative analysis against

a baseline derived from human visual attention data in three di�erent social situations. The goal of the study is to

evaluate how the saliency map generated by combining multiple attention mechanisms aligns with the participants

attention. We collected data regarding the gazing target of the participants using an eye-tracking device, we processed

them through the ROS-based architecture previously described and we extrapolated a measure to evaluate how these

align.

5.1.1 Participants.We collected data from 12 participants (" = 8• � = 4, age:<8= = 22, <0G = 38, <40= = 28). All

participants were employees from the same institution, but external to the research team; they had no knowledge of the

exact purpose of the study. All the participants agreed to take part in the study and signed consent forms after being

briefed about the goal of the study and the data collected in the study.
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