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Gaze is a fundamental aspect of non-verbal communication in human
interaction, playing an important role in conveying attention, intentions, and
emotions. A key concept in gaze-based human interaction is joint attention, the
focus of two individuals on an object in a shared environment. In the context of
human-robotinteraction (HRI), gaze-following has become a growing research
area, as it enables robots to appear more socially intelligent, engaging, and
likable. While various technical approaches have been developed to achieve
this capability, a comprehensive overview of existing implementations has been
lacking. This scoping review addresses this gap by systematically categorizing
existing solutions, offering a structured perspective on how gaze-following
behavior is technically realized in the field of HRI. A systematic search was
conducted across four databases, leading to the identification of 28 studies. To
structure the findings, a taxonomy was developed that categorizes technological
approaches along three key functional dimensions: (1) environment tracking,
which involves recognizing the objects in the robot's surroundings; (2) gaze
tracking, which refers to detecting and interpreting human gaze direction;
and (3) gaze—environment mapping, which connects gaze information with
objects in the shared environment to enable appropriate robotic responses.
Across studies, a distinction emerges between constrained and unconstrained
solutions. While constrained approaches, such as predefined object positions,
provide high accuracy, they are often limited to controlled settings. In contrast,
unconstrained methods offer greater flexibility but pose significant technical
challenges. The complexity of the implementations also varies significantly, from
simple rule-based approaches to advanced, adaptive systems that integrate
multiple data sources. These findings highlight ongoing challenges in achieving
robust and real-time gaze-following in robots, particularly in dynamic, real-
world environments. Future research should focus on refining unconstrained
tracking methods and leveraging advances in machine learning and computer
vision to make human-robot interactions more natural and socially intuitive.

gaze following, human-robot interaction, joint attention, scoping review, shared gaze,
social robot, triadic interaction

1 Introduction

Understanding the dynamics of human interaction goes beyond what is said, with gaze
serving as an important non-verbal channel through which people interact (Kim et al., 2008;
Saran et al,, 2018; Matsumoto and Zelinsky, 1999). Central to understanding gaze-based
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human interaction is the concept of social gaze which refers to eye
movements conveying factual, intentional or affective content, either
intentionally or non-intentionally (Admoni and Scassellati, 2017).
In dyadic interactions, the social exchange between two individuals,
mutual gaze is seen as a core component of the interaction
process. In triadic interactions, which involves two individuals
and a third object or subject, the dynamics of social gaze
becomes more complex. Jording et al. (2018) suggested five possible
interactional states that a person can adopt in triadic interactions:

Partner-oriented: The person focuses on the other person.

2. Object-oriented: The person focuses an object in the shared
environment.

3. Introspective: The person focuses on inner thoughts and
processes.

4. Responding joint attention: The person follows the gaze of the
other person to an object in the shared environment.

5. Initiating joint attention: The person tries to get the other
person to direct their gaze and thus their attention toward an
object in the shared environment.

One aspect of human-human interaction (HHI) is, thus, joint
attention which refers to the ability of humans to follow someone
else's gaze and share the other person's focus on an object-a human
skill which is learned in early infancy (Emery, 2000). Common
orientation on an object or a person in the environment has been
studied not only in HHI but also in human-robot interaction
(HRI) as a possible mechanism to enhance the naturalness and
effectiveness of interactions between humans and robots. However,
given that joint attention presupposes the capacity to interpret the
goals, intentions, and beliefs of others based on their behavior
(Scassellati, 2002), and given that robots do not (yet) possess these
human social cognitive capacities, it is more accurate to refer to the
respective behavioral patterns of robots as gaze following behavior.
So, gaze following in human-robot triadic interactions means that
the robot is programmed to recognize the human's gaze target
and react in an appropriate way. To this effect, Grigorescu and
Macesanu (2017) refer to what they call a social bridge between
human and artificial interaction partners that can be established
when social robots are enabled to follow the gaze of humans in
real time. Meanwhile, there are a number of studies that show that
robots which mimic human gaze behavior are perceived as more
socially present, engaging, and likable (Xu et al., 2013; Willemse and
Wykowska, 2019; Pereira et al., 2019).

With regard to the technological prerequisites for gaze following,
the robot must first be enabled to track and interpret its human
partner's gaze. To date, the most precise solution to gauge human
gaze trajectories involves the use of eye tracking devices which
calculate gaze direction with high accuracy from the corneal
reflections of emitted infrared light. An alternative solution for
gaze tracking is based on the use of computer vision algorithms
which detect head position and gaze direction without additional
hardware apart from the robot's built-in or external cameras. In
fact, recent advances in computer vision and machine learning
have led to considerable improvements in camera-based gaze
direction detection (Su et al., 2023; Cazzato et al, 2020). Apart
from tracking the gaze of the human interaction partner, the robot
must also be able to match the human's gaze vector with objects or
persons in a shared environment in order to be able to react in a
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contingent way (Zhang et al., 2020). Both aspects of gaze following
behavior constitute major technological challenges in the context of
real-time applications.

In order to consolidate previous research in this domain, Admoni
and Scassellati (2017) published a comprehensive review of the
available approaches to gaze following in HRI. The authors
summarize studies that focus on user experience and behavior of
participants who interact with robots capable of following human
gaze. Additionally, and of relevance for the present study, the authors
provide a general overview of the technological processing steps
required to enable robotic gaze following in HRI. However, while
they outline the key concepts underlying robotic gaze following,
they do not discuss technical implementation approaches in depth.
So, to the best of our knowledge, no overview of technological
advancements in equipping robots with gaze following capacities is
currently available.

1.1 Objective

The present scoping review aims at closing this gap. To this
end, the scientific literature was scanned, and relevant technological
solutions for gaze following in social robots were identified. In order
to allow for a comprehensive overview of the state of the art in
this field of research, a taxonomy was developed that systematizes
current technological approaches to the core components of robotic
gaze following, namely, environment tracking, gaze tracking, and
gaze-environment mapping. This allows for the identification of
trends as well as open problems related to gaze following capacities
in robots and provides the basis for recommendations for future
research and development.

2 Methods

This scoping review follows the general approach suggested
by the PRISMA 2020 statement (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses; Page et al. (2021)), as well
as the PRISMA extension for scoping reviews (Tricco et al., 2018).
The following sections describe the database search, inclusion and
exclusion criteria, and the final literature selection in detail.

2.1 Search

An initial systematic literature search was conducted in January
2025. A second search in August 2025 was conducted to update the
data. Both searches were performed using the databases Scopus!,
IEEE?, Web of Science (WOS)3, and PubMed®. The searches were
restricted to publications in English and German without limitations
regarding the publication date. A broad search was conducted to
present the current state of the development. To this end, the

https://www.scopus.com
https://www.ieeexplore.ieee.org

https://www.webofscience.com

AW NP

https://www.pubmed.ncbi.nlm.nih.gov
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TABLE 1 Details of the search process for each database as of 24.08.2025.

Database

Scopus

Syntax

TITLE-ABS-KEY ((“gaze” OR “eye” OR “head”) AND (“human*robot” OR “child robot” OR “cri” OR “hri” OR “social
robot™) AND (“interact™ OR “collaborat™ OR “cooperat™) AND (“joint” OR “engage™ OR “coordinat™ OR “share™ OR
“sync™ OR “respon™ OR “follow” OR “pursu™

OR “mimick™ OR “imitat*))

10.3389/frobt.2025.1723527

’ Number retrieved

1,399

IEEE

((“All Metadata”:“gaze” OR “all Metadata”:“eye” OR “all Metadata™:“head”) AND (“all Metadata™:“human‘robot” OR “all
Metadata”:“child robot” OR “all Metadata”:“CRI” OR “all Metadata”:“HRI” OR “all Metadata”:“social robot”) AND (“all
Metadata”:“interact™ OR “all Metadata™:“collaborat™ OR “all Metadata™:“cooperat™) AND (“all Metadata™:“joint” OR “all
Metadata”:“engage” OR “all Metadata”:“coordinat™ OR “all Metadata”:“share™ OR “all Metadata”:“sync™ OR “all
Metadata”:“respon™” OR “all Metadata”:“follow” OR “all Metadata”: “pursu™ OR “all Metadata”:“mimic” OR “all
Metadata”:“imitat”))

1,373

Web of science

TS=((“gaze” OR “eye” OR “head”) AND (“human*robot” OR “child robot” OR “cri” OR “hri” OR “social robot”) AND
(“interact™ OR “collaborat™ OR “cooperat™) AND (“joint” OR “engage™ OR “coordinat™ OR “share™ OR “sync™ OR
“respon™” OR “follow” OR “pursu™ OR “mimick™ OR “imitat™))

436

PubMed

(“gaze” [Title/Abstract] OR “eye” [Title/Abstract] OR “head” [Title/Abstract]) AND (“humanrobot” [Title/Abstract] OR
“child robot” [Title/Abstract] OR “cri” [Title/ Abstract] OR “hri” [Title/Abstract] OR “social robot™ [Title/Abstract]) AND
(“interact™ [Title/ Abstract] OR “collaborat™ [Title/Abstract] OR “cooperat™ [Title/Abstract]) AND (“joint”

[Title/ Abstract] OR “engage™ [Title/Abstract] OR “coordinat™ [Title/Abstract] OR “share™ [Title/ Abstract] OR “sync™
[Title/Abstract] OR “respon™ [Title/Abstract] OR “follow” [Title/ Abstract] OR “pursu™ [Title/Abstract] OR “mimick™

144

[Title/Abstract] OR “imitat™ [Title/Abstract])

search terms included the terms eye, gaze or head movement
within the context of human-robot interaction, collaboration or
cooperation. Additionally, to cover gaze-contingent robot behavior
the search included the terms shared, synchronized, responding,
following and imitating behaviors in HRI. Table 1 provides a detailed
summary of the databases and the search queries, as well as the
number of retrieved records. The results were screened using a
reference management database (Zotero®, Corporation for Digital
Scholarship, Vienna, Virginia).

2.2 Inclusion and exclusion criteria

Several inclusion and exclusion criteria were applied. For
inclusion into the current review, studies were required to: (a)
involve neurologically healthy adults or children; (b) use camera-
based approaches, eye tracking devices or motion capture systems
for tracking, monitoring or estimating human gaze, head posture,
orientation or position; (¢) include an implemented solution where
the robot not only detects the user's orientation, but also tracks or
recognizes objects in the shared environment; (d) present a solution
implemented on a humanoid robot; (e) demonstrate that the robot
is capable of reacting, responding, adapting or changing its behavior
in real time or has the potential to do so, in contingency with the
tracked posture, gaze, orientation or position and the identified
object(s); (f) be conducted in social-interactive contexts; and (g)
be original, published research using an original dataset. For the
purpose of this review, a humanoid robot is defined as a physically
embodied robotic system whose morphology is close to the human
body, featuring a human-like head-torso structure and typically

5 https://www.zotero.org
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one or more human-like limbs. Under this definition, robotic
heads qualify when they form part of a human-like body schema,
whereas non-anthropomorphic settings, like standalone cameras on
mounts, or toy-like social robots are excluded. Additionally, studies
were excluded if: (a) participants with neurological disorders were
involved; (b) no embodied robot was used, including studies in
virtual environments; (c) the study was conducted in a medical
context, e.g., studies on surgical robots; (d) the context of the study
was industrial, e.g., studies on robotic arms; (e) a Wizard of Oz
study setting was employed, where robots are controlled remotely
by humans; or (f) the publication was not in English or German.

2.3 Literature selection

Initially, the search identified 3,352 records. Three additional
studies were found by a secondary citation search, resulting in
the total number of 3,355 publications. After removing duplicates
and entries with insufficient data, 2,333 titles and abstracts were
screened, and the exclusion and inclusion criteria applied. Screening
and study selection were conducted by the first author (L.N.). An
independent rater (R.M.I.) repeated the search and screening. All
differences in retrieved studies were resolved through discussion.
Data extraction was performed by the first author (L.N.).

From the initial set, 2,219 records were excluded during the
title and abstract screening, narrowing the results down to 114
studies. The large number of exclusions at this stage can be
attributed to the application of the exclusion criteria. Because
the decisions at this phase were based on title and abstract only,
multiple exclusion reasons could apply to a single record. To
improve transparency, we nevertheless assigned exclusion reasons
to broad categories whenever possible. For instance, a significant
number of studies involve participants diagnosed with neurological
disorders (n = 144), which did not meet the exclusion criterion
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https://doi.org/10.3389/frobt.2025.1723527
https://www.zotero.org
https://www.frontiersin.org/journals/robotics-and-ai
https://www.frontiersin.org

Neuber et al.

(a). An overview of the studies in this area, however, is provided
by Chevalier et al. (2020). Additionally, a large number of studies
examine robots operating in industrial or medical contexts (e.g.,
robotic arms or surgical systems; n = 295), where the primary
goal is task execution rather than gaze following in social HRI.
Furthermore, the search query does not distinguish between studies
where the robot induces gaze following behavior, i.e., the human
interaction partner is following the robot's gaze, and studies in which
the robot follows the human's gaze. Such studies (n = 34) were
also excluded as they did not align with the scope of this review.
A detailed list of all screened records, including first- and second-
stage (full-text) screening decisions and the corresponding exclusion
reasons, is provided in the Appendix. Following the title and abstract
screening phase, the inclusion and exclusion criteria were applied
again to the remaining 114 studies based on their full texts, resulting
in 29 studies synthesized in this review. Figure 1 presents a flow
diagram of the entire process, structured in accordance with the
PRISMA-ScR guidelines. The study was not pre-registered.

3 Results

To integrate the findings of the present systematic review, we
suggest a taxonomy to systematize existing solutions with respect to
their technical contributions to three basic functional dimensions
of gaze following systems (cf. Figure 2). First of all, the robot must
be able to process the environment, i.e., the general context, and
relevant objects potentially addressed in triadic interaction have to
be recognized. Secondly, the robot must recognize the human gaze.
And, finally, the human gaze must be mapped to information about
the environment. The latter, i.e., the gaze—environment mapping is
the basis for a robot to be able to react in an appropriate way, for
example, by referring to the objects in the environment the human
partner focuses on.

This taxonomy serves as a framework for an analysis and
conceptual integration of the studies included in the present review.
Furthermore, by determining the contributions of the included
studies with respect to the three functional dimensions of gaze
following systems, potential research gaps and opportunities for
future research can be identified. Table 2 gives an overview of
how each study contributes to one or more of the three functional
dimensions of gaze following systems. We note that some categories
in our taxonomy capture the degree of constraint required for
reliable operation (e.g., prepared vs. unprepared environments),
which often reflects practical limitations or experimental necessities
rather than a explicit design choices. Table 3 lists the relevant details
of each empirical study, such as the type of robot used, the number
of participants involved, the outcome measures assessed, and the key
results with regard to the outcome measure. Where N/A is reported
for robot, the type was not explicitly specified in the publication;
however, available photographs or figures of the robot confirmed
that the study met our inclusion criteria.

3.1 Environment tracking

The first functional dimension of gaze following systems focuses
on the capacity to track the environment so as to enable the robot to
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recognize its surroundings and the objects within it. Approaches can
be subdivided into whether the tracked environment is constrained
and unconstrained.

3.1.1 Constrained environments

Constrained environments are interaction contexts in which
the objects are specifically prepared, arranged, or designed to
facilitate gaze following. Consequently, the proposed solutions
are not directly applicable to environment tracking in real-world
contexts. Nevertheless, considering constrained environments is
important, as they tend to be less susceptible to interference from
confounding factors such as, e.g., changing lighting conditions. In
addition, they serve as proof-of-concept approaches by providing
straightforward solutions for laboratory settings. Three types of
object tracking in constrained environments can be distinguished,

and color-based

i.e, position-based, visual marker-based,
solutions.
Position-based. The simplest approach to constrained

environment tracking is based on establishing fixed positions for
relevant objects. For instance, by placing objects left, right and
center, human gaze shifts in any of these general directions can
be interpreted as an indication of the object being in the focus
of attention. Seven of the included studies report this type of
constrained environment, four of which place objects on the left
and right of the table or in the robot's hand (Yoshikawa et al., 2006b;
Yoshikawa et al., 2006a; Palinko et al., 2015; Palinko et al., 2016).
The other three solutions include the center as a third direction
(Ravindra et al., 2009; Mahzoon et al, 2019; Willemse and
Wykowska, 2019).

Visual Marker-based. Another method for tracking objects
in the environment involves the use of visual markers. These
visual markers, attached to the objects, can be captured by
a camera and processed by computer vision algorithms so as
to determine their location. Four of the included studies use
this approach. Lohan et al. (2011) and Pereira et al. (2019),
Pereira et al. (2020) use ARToolkit® markers to track objects in the
three-dimensional space. Marin-Urias et al. (2009) do not specify
which type of marker they chose.

Color-based. Color-based computer-vision techniques identify
and segment objects based on color and contrast features. To this
end, the objects must have unique, uniform colors that stand
out from the context. Nagai (2005), for instance, uses a yellow-
colored object that contrasts the environment. Xu et al. (2013) use
several objects with bright colors in a white room. The two robots
used in this study are also assigned colors. Rakovi¢ et al. (2024),
trains model for color to allow for

a recognition

object detection.

3.1.2 Unconstrained environments

Unconstrained environments mimic real-world conditions,
where objects can hardly be tagged beforehand, positioned statically,
or painted in specific colors. Consequently, unconstrained solutions
are appropriate for robotic applications in settings such as schools
or nursing homes, where adaptability to the natural environment
is crucial. Here, approaches that recognize objects based on

6 http://www.artoolkitx.org
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FIGURE 1

PRISMA-ScR flow diagram for the search process (Tricco et al., 2018).

their saliency, vector representation, or local properties can
be distinguished. The study by Jin et al. (2022) works in an
unconstrained setting. However, it does not fit into one of the
subcategories used here, since the method primarily predicts a gaze
target location (heatmap) in the scene rather than describing how
the attended object is recognized.

Saliency-based. One popular approach to object tracking in
unconstrained environments is inspired by human visual processing
and utilizes saliency differences to identify areas most likely to
attract human attention. To this end, a saliency map is created,
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assigning a distinct value to each image pixel based on visual
attributes such as color, motion, brightness, or orientation. By
analyzing the resulting map, areas of interest or objects are identified
based on their saliency values and position. Multidimensional
saliency approaches are inspired by human visual processing and
combine several image attributes to identify areas of salience. A
frequently used solution for creating saliency maps was developed
by Itti et al. (1998), who implemented a neural network to combine
the dimensions of color, intensity, and orientation. In contrast,
one-dimensional saliency-based approaches calculate saliency of

frontiersin.org
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the environment using a single dimension such as color. Saliency-
based methods are used extensively across the studies we included
in the review. Four studies implement the model developed by
Ttti et al. (1998), Shon et al. (2005) use the three dimensions
originally proposed by Itti etal, while Domhof et al. (2015)
introduce an additional depth dimension, and Scassellati (2002) a
motion dimension. Yiicel et al. (2013) evaluate the model of Itti et al.
against two alternatives: the approach of Judd et al. (2009), which
introduces further saliency dimensions, and the approach used
by Bruce and Tsotsos (2009), which incorporates interdependency
among individual pixels in an image. Hosada et al. (2004) and
Nagai et al. (2003) do not specify which model they employ for
saliency calculation but name the dimensions color, edges, and
object movement. Deng et al. (2021) use the OpenCV’ software
library to create a saliency map and add the depth dimension. The
authors do not specify which underlying algorithm OpenCV applies
for the calculation. Finally, Da Silva and Romero (2012) implement a
one-dimensional solution that considers only color variations within
the environment.

Vector Embedding-based. This category includes solutions that
learn high-dimensional vector representations (embeddings) of the
environment and objects within. The respective approaches involve
the training of deep learning models, particularly Convolutional
Neural Networks (CNN), to generate embeddings that encode
features/characteristics of the environment such as color, texture,

7 https://opencv.org
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and spatial positioning (Albawi et al., 2017). After training, the
networks are capable to create embeddings for new, previously
unseen images. Objects are recognized and classified by comparing
their unique embedding vectors through similarity metrics and
probability analysis. Five studies included in this review employ
CNNs for object recognition. Fischer and Demiris (2016) utilize
a deep CNN alongside a Support Vector Machine (SVM) for
classification. Hanifi et al. (2024) implement a solution based
on a Mask R-CNN, following the architecture proposed by
Ceola et al. (2021). Similarly, Lombardi et al. (2022) implement
a Mask R-CNN-based object detection solution following the on-
line object detection pipeline introduced by Maiettini et al. (2020).
Finally, Saran et al. (2018) and Samaniego et al. (2024) apply
the YOLO object detection algorithm, which is based on a CNN
architecture (Redmon et al., 2015).

Local Feature-based. These solutions extract the local
characteristics of objects within a context incrementally by,
e.g., using methods like corner detection and texture analysis,
and by subsequently clustering these features for object
classification. Kim et al. (2008) use a local feature-based approach,
which initially detects edges, and, in a second step, local features. A
classification of the objects is achieved through k-means clustering.

3.2 Gaze tracking

The tracking of human gaze constitutes the second functional
dimension of gaze-following systems. Publications in this

frontiersin.org
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TABLE 2 Detailed categorization of gaze following studies.

Authors Environment tracking Gaze tracking Gaze—environment mapping
Scassellati (2003) Saliency-based Individual template-based Gaze vector-based
Nagai et al. (2003) Saliency-based Individual template-based Learning-based
Hosada et al. (2004) Saliency-based Unconstrained head tracking Learning-based

Nagai (2005) Color-based Individual template-based Learning-based

Shon et al. (2005) Saliency-based Local-feature-based Gaze vector-based
Yoshikawa et al. (2006a) Position-based Eye-model-based N/A

Yoshikawa et al. (2006b) Position-based Eye-model-based N/A

Kim et al. (2008) Local-feature-based Local-feature-based Learning-based
Marin-Urias et al. (2009) Visual marker-based Visual marker-based Gaze vector-based
Ravindra et al. (2009) Position-based Image-based Gaze vector-based
Lohan et al. (2011) Visual marker-based Unconstrained head tracking N/A

Da Silva and Romero (2012) Saliency-based Individual template-based Learning-based

Xu et al. (2013) Color-based Eye-model-based Gaze vector-based
Yiicel et al. (2013) Saliency-based Local-feature-based Gaze probability-based
Dombhof et al. (2015) Saliency-based Eye-model-based Gaze probability-based
Palinko et al. (2015) Position-based Image-based Gaze vector-based
Palinko et al. (2016) Position-based Image-based and local-feature-based Saccade-based

Fischer and Demiris (2016) Vector-embedding-based Depth-based Gaze vector-based
Saran et al. (2018) Vector-embedding-based Local-feature-based Gaze probability-based
Mahzoon et al. (2019) Position-based Visual marker-based Learning-based
Pereira et al. (2019) Visual marker-based Unconstrained head tracking N/A

Willemse and Wykowska (2019) Position-based Eye-model-based Gaze vector-based
Pereira et al. (2020) Visual marker-based Unconstrained head tracking N/A

Deng et al. (2021) Saliency-based Vector-embedding-based Gaze vector-based
Lombardi et al. (2022) Unconstrained Unconstrained head tracking Gaze vector-based

Jin et al. (2022) Unconstrained Unconstrained head tracking Gaze probability-based
Rakovi¢ et al. (2024) Color-based Eye-model-based Gaze vector-based
Hanifi et al. (2024) Vector-embedding-based Vector-embedding-based Gaze probability-based
Samaniego et al. (2024) Vector-embedding-based Vector-embedding-basedd Gaze vector-based

dimension can be divided into distinct categories, too. While  3.2.1 Eye tracking

some rely on eye-tracking devices to directly measure gaze Eye tracking approaches can be subdivided into physiological
direction, the majority estimate it indirectly by using head  or eye model-based and image-based approaches, which differ in
orientation as a proxy for gaze direction. terms of the recording modality and the internal algorithms used
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TABLE 3 Study setup details of included studies.

10.3389/frobt.2025.1723527

Authors Robot ’ Participants = Outcome measure Result

Scassellati (2002) Cog 1 N/A N/A

Nagai et al. (2003) N/A 1 Accuracy 61%-100%

Hosada et al. (2004) N/A 1 Accuracy 80%

Nagai (2005) Infanoid 1 Accuracy 90%

Shon et al. (2005) Biclops 1 Accuracy 90%

Yoshikawa et al. (2006a) Robovie-R2 33 Questionnaire Stronger feeling of being looked at

Yoshikawa et al. (2006b) Robovie-R1 39 Questionnaire Stronger feeling of being looked at

Kim et al. (2008) Robotic head 1 Accuracy 59%-78%

Marin-Urias et al. (2009) HRP2 1 N/A N/A

Ravindra et al. (2009) Hope-3 10 Accuracy 80%

Lohan et al. (2011) iCub 12 Video analysis Stronger orientation toward the robot

Da Silva and Romero (2012) WHAS8030 1 Accuracy 72,89%

Xu et al. (2013) NAO 21 Face looks, speech, attentional shifts High sensitivity for robot gazing behavior

Yiicel et al. (2013) NAO 4 Location precision 0,18-0,52

Dombhof et al. (2015) LEA 10 Accuracy 67,8-96,7%

Palinko et al. (2015) iCub 7 Accuracy 69,9%

Palinko et al. (2016) iCub 10 Accuracy 60,6% (head tracking); 81,5% (eye
tracking)

Fischer and Demiris (2016) iCub 6 Accuracy/horizontal error 100%, 0,08-0,61 m

Saran et al. (2018) N/A 10 Fl-score 0.345-0.577

Mahzoon et al. (2019) Infant robot 48 Accuracy 81%-100%

Pereira et al. (2019) Robotic head 22 Questionnaire Improved social presence

Willemse and Wykowska (2019) iCub 37 Return-to-face saccades, questionnaires Preference toward the robot

Pereira et al. (2020) Robotic head 40 + 27 Questionnaire Improved social presence for external
observers, none for children

Deng et al. (2021) Rehabilitation robot 5 AUC 0,92

Lombardi et al. (2022) iCub 1 Mean average precision 68%-84.4%

Jin et al. (2022) Service robot N/A AUC 0,88-0,9

Rakovic et al. (2024) iCub 1 Accuracy 75%

Hanifi et al. (2024) iCub 1 Accuracy 79,5%

Samaniego et al. (2024) Pepper 1 Fl-score 0.694
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for analysis. Furthermore, these approaches can also be classified
as either constrained or unconstrained, depending on whether they
require calibration or specialized setups.

Eye Model-based. Eye model-based approaches to gaze tracking
rely on geometric models of the eye. Cameras record eye images
and apply these models to calculate the position of the pupil in
each single frame. Model-based techniques include the Pupil Center
Corneal Reflection (PCCR) method, which uses infrared (IR) light
to evoke light reflections on the cornea on the basis of which
gaze direction is determined using an eye model (Xu et al., 2023).
These methods generally fall into the constrained category, as
they require user-specific calibration and often involve specialized
equipment. Of the studies included here, six employ infrared (IR)-
based eye trackers for gaze tracking. While Yoshikawa et al. (2006a),
Yoshikawa et al. (2006b) use a remotely positioned NAC EMR-
8B eye tracker (Nac Image Technology Inc.) with an unspecified
sampling frequency, the other studies use head-mounted eye
trackers: Eye-Trac 6,000 (ASL LLC) with a 30 Hz sampling frequency
(Xu et al, 2013), Pupil Labs with a 30 Hz sampling frequency
(Dombhofetal, 2015) and a 120 Hz frequency (Rakovic et al., 2024),
and Tobii Pro Glasses 2 with a 100 Hz sampling frequency (Willemse
and Wykowska, 2019).

Image-based. Image or appearance-based methods frequently
rely on off-the-shelf cameras and determine gaze direction
by analyzing images of the face and eyes using computer
vision or machine learning algorithms. These methods are
typically unconstrained, as they do not require external
light sources, specialized hardware, or individual calibration
(Xu et al., 2023). Image-based solutions are used by three studies.
Ravindra et al. (2009) use the FaceLab systems, but do not further
specify the algorithm. Palinko et al. (2016) compare eye tracking
with head tracking and, following Palinko et al. (2015), use the
Dlib library’ to extract facial landmarks.

3.2.2 Head tracking

The majority of the included studies approximate gaze direction
by extracting the position of the head. In line with the classification
for the approaches to environment tracking, the solutions are
divided into either constrained or unconstrained, depending on the
extent of preparation required.

3.2.2.1 Constrained

Solutions that require prior preparation to calculate the head
position are referred to as constrained. One example are motion
capture systems that are based on optical markers attached to the
participants' heads. Cameras are used to track the markers and
calculate the head position. This type of motion-capture systems is
used by Marin-Urias et al. (2009) and Mahzoon et al. (2019).

3.2.2.2 Unconstrained
In contrast, unconstrained solutions can be used in open

environments without prior preparation of, e.g., the participants.
These solutions include software-based methods that use standard
cameras and corresponding algorithms for head tracking.

8 https://www.eyecomtec.com/3132-facelLAB
9 http://dlib.net
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Three studies use software libraries for face tracking, ie.,
Lohan et al. (2011) use FaceAPI'’, and Pereira et al. (2019),
Pereira et al. (2020) GazeSense'!. Hosada et al. (2004) do not
mention their head tracking solution. These four publications
do not provide enough information to assign them to a specific
sub-category.

Individual Template-based. Template-based approaches use
representative images of the head to calculate changes in position
by matching the template with the current image of the human's face
recorded by cameras (Cazzato et al., 2020). Template-based methods
are used by four publications. Nagai et al. (2003) and Nagai (2005)
do not describe their algorithm in detail. Scassellati (2002) uses the
Ratio Templates algorithm by Sinha (1996), which recognizes faces
based on brightness values of the image and then compares them
with the template. Da Silva and Romero (2012) use the Adaptive
Appearance Model, an extension in which template images are taken
from different perspectives (Morency et al., 2003).

Local Feature-based. By detecting colors, edges, and textures
within the image, these approaches are based on the identification
of specific, local features of the head, such as eyes, nose, or other
landmarks. A generic model of the head, its proportions and
facial features is then employed to detect the head orientation
and position. A well-known and frequently used feature-based
algorithm is that of Viola and Jones (2004). It is based on rectangular
patterns, so-called Haar-like features, which are simple patterns
that calculate the difference in intensity between neighboring
rectangular regions in an image. These features are then used in
a series of machine learning classifiers for recognizing faces in
real time. Saran et al. (2018) uses the programming library Dlib,
which implements this algorithm. Yiicel et al. (2013) implement the
algorithm themselves. In addition to this, there are other methods
based on local facial features. Shon et al. (2005) start by determining
the region of the face by localizing skin color. They generate a head
model and store local image features such as edges and textures in
it. Palinko et al. (2016) use the Constrained Local Model (CLM),
calculating the head position in a similar manner by combining local
features and a model of the head (Baltrusaitis et al., 2012). Similarly,
Lombardi et al. (2022) estimate gaze-related cues from facial
landmarks by extracting keypoints with OpenPose'? and classifying
gaze direction (left/right) training a SVM. Kim et al. (2008)
use OpenCV for face recognition and do not further specify
the underlying algorithm. Building on this, they implement an
enhanced approach for pose detection, which is analogous to their
object recognition method and involves identifying and clustering
local edges and facial features.

Vector Embedding-based. Similar to vector embedding-based
object tracking, these methods employ deep learning models
to generate high-dimensional vector representations of facial
features, which are then used to determine head position in
images. Four studies adopt a vector embedding-based approach.
Deng et al. (2021) use a solution based on the CNN FaceNet
architecture developed by Schroff et al. (2015). Hanifi et al. (2024)
also implement a method based on the FaceNet architecture,

10 https://github.com/vladmandic/face-api
11 https://eyeware.tech
12 https://github.com/CMU-Perceptual-Computing-Lab/openpose
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combined with a neural network to create a gaze heatmap, enhancing
gaze tracking capabilities. Samaniego et al. (2024) utilize the YOLO
algorithm for face detection and a CNN VGG16 model for gaze
estimation.Jin et al. (2022) propose an end-to-end deep-learning
gaze-following model that predicts the attended target location in
the image from the scene image together with the detected head/face
region. They use a two-pathway CNN (scene image + cropped head),
and during training add two branches: one predicts a depth map
from the scene features and the other predicts 3D gaze orientation
from the head features; the resulting depth/orientation features are
fused back into the main network to improve the final gaze heatmap
prediction.

Depth-based. These approaches use depth camera images and
algorithmic models to analyze spatial information, on the basis
of which head position and orientation is estimated in three-
dimensional space. For instance, Fischer and Demiris (2016) use
the random forest implementation for depth-based face position
recognition by Fanelli et al. (2011).

3.3 Gaze—environment mapping

With the third functional dimension of gaze following systems,
the human gaze and the environment are brought together in order
to identify the gaze target and, in a final step, have the robot
react accordingly. This mapping, i.e., the projection of the gaze
onto objects, can be implemented in different ways. Five studies
included in the present review do not specify how gaze-environment
mapping is implemented, and can, thus, not be assigned to any of the
technological subcategories (Lohan et al., 2011; Pereira et al., 2019;
Pereira et al., 2020; Yoshikawa et al., 2006a; Yoshikawa et al., 2006b).

Gaze Vector-based. One way to identify the gaze target
is to use a geometric strategy by elongating the gaze vector
until it intersects with an object in the environment. This
approach to gaze—environment mapping is used in eight studies
(Xu et al., 2013; Willemse and Wykowska, 2019; Rakovi¢ et al., 2024;
Ravindra et al., 2009; Palinko et al., 2015; Shon et al., 2005;
Scassellati, 2002; Samaniego et al., 2024). Lombardi et al. (2022)
employ a coarse, vector-based strategy in which gaze direction
(left/right) is used to select the relevant demonstrator hand,
after which the object is detected in the hand. Two studies
improve the gaze vector-based mapping by incorporating the robot's
ability to compute which objects are visible from the human's
viewpoint. This technique, called perspective taking, combines the
gaze information with the spatial arrangement of the objects and
their relative positions, allowing the robot to distinguish between
visible and occluded objects (Marin-Urias et al., 2009; Fischer and
Demiris, 2016). Deng et al. (2021) report a more reliable solution by
adopting a multi-level vector-based mapping approach.

Another
saccades-rapid eye movements that shift gaze quickly from one

Saccade-based. approach  involves analyzing
point to another, typically between fixations—to estimate the visual
target area. For example, vertical and horizontal displacement or
velocity of saccadic eye movements can indicate gaze direction and,
thus, the object of focus. Palinko et al. (2016) follow this approach,
identifying saccades using fixed velocity thresholds on the (vertical)
angular velocity of the estimated gaze signal and using them to infer

the object of focus.
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Gaze Probability-based. There are approaches that go beyond
mechanical interpretations of gaze direction by introducing
principles of human perception or attention, and by referring to
psychological concepts such as human intention. These approaches
include higher-level contextual information to infer what a human is
most probably focusing on. For instance, some approaches predict
gaze targets using probability distributions that integrate various
data sources like perceptual saliency maps and gaze heatmaps. For
instance, Yiicel etal. (2013) estimate a gaze vector by combining gaze
direction with depth measurements probabilistically and aligning
the outcome with a local saliency map. Domhof et al. (2015) use
an eye tracker to estimate gaze direction, generating a saliency
map based on gaze data and combining it with an environment-
based saliency map to determine the most likely target objects.
Saran et al. (2018) use a neural network model to generate two
gaze heatmaps, capturing referential and mutual gaze. Their system
combines these heatmaps with contextual knowledge about object
locations. Hanifi et al. (2024) take a similar approach by combining
a gaze heatmap with object detection results to predict the gaze
targets. Further advancing this approach, Jin et al. (2022) introduce a
complex CNN that integrates depth and orientation data to estimate
the object or person of interest within a scene.

Learning-based. This category includes solutions that allow
robots to learn sensorimotor coordination skills, i.e., mapping facial
patterns and gaze direction to corresponding motor outputs to
enable joint attention, utilizing both supervised and reinforcement
learning (RL) techniques. In supervised learning, robots develop
a mapping between human gaze direction and gaze targets using
labeled data. The learning process involves iteratively refining the
model by minimizing the difference between the predicted and
desired outcomes, thereby improving the model accuracy.Three
studies use this approach: Nagai et al. (2003) implement a
simple feed-forward, fully connected three-layer neural network.
Hosada et al. (2004) introduce a self-organizing map in combination
with a 2-layer forward fully connected network to decrease training
time. Nagai (2005) adopts a motion-based strategy, i.e., motion
and edge features are extracted from facial data across several
camera frames and used to train two separate neural networks to
control robot movements. Reinforcement learning, on the other
hand, enables robots to learn behavior autonomously through trial
and error. Through a reward system, robots are trained to repeat
actions that lead to positive results while avoiding negative ones,
gradually optimizing their performance. A RL approach is adopted
by three studies: Kim et al. (2008) use the critic reinforcement
learning scheme outlined by Triesch et al. (2007). Da Silva
and Romero (2012) implement three different reinforcement
learning algorithms, and Mahzoon et al. (2019) introduce two
algorithms designed to enhance the autonomous learning of
contingent behavior.

4 Discussion

The present scoping review provides an overview of
technological approaches to implement gaze following capabilities
in robots. To this end, a systematic literature search was performed
including four databases. On the basis of several inclusion and
exclusion criteria 28 studies were selected for the review. A
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taxonomy was developed to systematize the existing solutions
with respect to three basic functional dimensions of gaze
following systems, i.e., environment tracking, gaze tracking, and
gaze—environment mapping. The environment and gaze tracking
solutions comprise approaches that are constrained with respect to
the interaction setting, and those that are unconstrained.

There is no clear preference for either constrained or
unconstrained solutions in the field of environment tracking, as
both approaches are equally represented in existing research. While
reliable in controlled settings, the drawback of constrained solutions
is that they can only be used in static laboratory environments and
are not adaptable to changing, open environments. To overcome
this limitation, gaze following systems need to have more advanced
spatial capacities. As presented in this review, this can be achieved
using global saliency maps, which dynamically capture the visual
field by identifying and highlighting salient features within the
environment. Additionally, unconstrained object detection is
possible through the identification of local features of objects
within the environment. The third option for unconstrained
object detection uses deep learning methods with vector
embeddings.

Moving on to tracking the human's gaze direction, it is
striking that the majority of studies use the orientation of
human's head as a proxy for gaze direction. While head tracking
may be computationally efficient and easy to implement, head
tracking and eye tracking are not equivalent with respect to
precision. Head position provides only a rough estimate of the
human gaze. Palinko et al. (2016) point out that predicting the
human gaze on the basis of head position is less accurate which,
in turn, leads to robots being perceived as less smart and efficient.
They offer several explanations on why there is a lack of eye
tracking solutions in social robotics. One reason are the hardware
requirements, as high-resolution cameras with a narrow field-of-
view are needed to track the eye accurately. In addition, a high
network bandwidth is important to allow for real-time calculations.
Although eye tracking can present technical challenges, with
advances in computer vision technologies, affordable hardware and
the increasing availability of artificial intelligence and deep learning
algorithms, the potential for precise and efficient eye tracking
solutions is growing. This review shows that it is possible to track
the human eye and even combine eye tracking with head tracking
using computer vision. These systems work remotely, i.e., no sensors
need to be attached to the user.

While unconstrained solutions are more versatile, constrained
tracking systems, such as those using head-mounted eye tracking
glasses or head motion capture systems that require visual markers,
are justified in certain cases. For example, it is not always possible
or practical for humans and robots to face each other head-on,
a prerequisite for solutions that track gaze based on cameras and
computer vision algorithms. Furthermore, eye trackers offer very
accurate solutions and can be regarded as the gold standard in
measuring eye gaze patterns (Kaduk et al., 2023). For this reason in
particular, eye trackers are used commonly by studies investigating
the effects of gaze following behavior on interactional outcomes.

An important aspect of gaze following systems is the mapping
of the gaze to the environment, which can be achieved through
various approaches. It is striking that many studies rely on a relatively
simple vector-based approach, which involves elongating the gaze
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trajectory until it meets a point of interest within the environment.
While this method is computationally efficient, it does not account
for dynamic or probabilistic elements of human gaze behavior.
More advanced systems enable robots to learn the connection
between gaze and the environment autonomously or use probability-
based methods to determine the likelihood of gaze targets using
deep learning. Given the rapid development of deep learning
technologies, these approaches are particularly promising and will
further improve the accuracy and efficiency of gaze—environment
mapping in the future.

In summary, this review shows that gaze following systems
are a highly relevant area of research for HRI. It is conspicuous,
however, that this review includes only 29 studies, which indicates
that further research activity is indicated. The limited attention
to the topic may be due to the technical complexity of these
systems, which is reflected in the wide range of implementations
that emerge from the overview of the studies. Obviously, there is
no single best solution for gaze and environment-tracking systems.
The choice of method depends on the equipment available, the
environment in which the system is used and the specific focus of the
application.

4.1 Limitations

To our knowledge, this systematic review is the first to
systematically synthesize and evaluate existing research on
technical solutions that enable a robot to follow the gaze of a
human interaction partner. Although compliant with the PRISMA
guidelines for a scoping review, several limitations should be
pointed out (Page et al, 2021). First, only studies that met the
inclusion criteria were examined. Unpublished research and
grey literature were excluded from the onset. Consequently, the
range of available solutions may not have been presented in full.
Furthermore, although the search was carried out by two people
separately, the data extraction was carried out by the first author
only. Extraction and synthesis of the results by two independent
researchers can be assumed to further reduce the possibility of bias
and make the results more robust. Finally, it should be noted that
the systematic review was not preregistered. However, the detailed
description of the review process allows complete transparency on
the review and the results.

4.2 Directions for future research

As a result of the present review, a number of starting points
for future research in the field of gaze following robots emerge.
First, the fact that many studies present constrained solutions to
gaze and object tracking indicates a potential for further research.
Future research should focus on gaze following systems that
are adaptable and capable of working efficiently in unstructured
environments, leading to better collaboration between humans
and robots. Advancing in this field is particularly relevant for the
deployment of robots in dynamic environments, such as schools
or retirement homes, where ensuring their effective operation is
essential. Second, future research should adopt existing, state-of-
the-art methods from computer vision research when developing
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gaze following systems, as these methods have been thoroughly
tested and validated in the field of human gaze estimation. The
survey published by Cazzato et al. (2020) provides a comprehensive
synthesis of such approaches. An example are transformer-based
architectures that have become widely used in computer vision
since their introduction in 2017 (Vaswani et al, 2017). Given
their ability to integrate contextual information and model complex
scenes, exploring transformer-based (or hybrid) approaches may
be a promising direction for more robust gaze-following in HRL
Third, all considered publications enable robots to track and
respond to changes in people's gaze in real time. One limitation
that persists across the majority of the studies, though, is the
lack of information regarding the response time (e.g., end-to-
end latency from gaze shift detection to robot reaction onset) of
the systems, a crucial factor in interaction (Launay et al., 2013).
Consequently, the current literature does not yet allow deriving a
latency range or typical reaction times for gaze-following responses
in social HRI settings. Nevertheless, a small number of studies
do provide reaction-time estimates (e.g., Xu et al. (2013): 657 ms;
Willemse and Wykowska (2019): 127 ms; Rakovi¢ et al. (2024):
1.12-1.36 s). In the future, studies should provide information on
how quickly the robot is able to react to the human gaze, ie.,
what delay time can be expected. Finally, a point of criticism
across studies is the oftentimes insufficiently described technical
implementation. Several publications report their head tracking
approaches rather superficially and which did not allow for these
studies to be categorized into the taxonomy. Examples are studies
that only state that a programming library was used without further
describing its configuration, i.e., underlying algorithm. In the future,
standardized technical reporting systems should be established to
enable subsequent studies to effectively build on solutions that have
already been published.

5 Conclusion

Joint attention is an important aspect in human-human
interaction. With the right technology, robots can be equipped with
the ability to mimic this human capacity by following the human
gaze towards objects within a shared environment and reacting
appropriately. This capability is crucial for creating natural and
effective interactions between humans and robots. The aim of this
scoping review was, thus, to present different technical methods
enabling robots to track and follow human gaze in interaction
scenarios. To lay a foundation for future advances in this promising
field of HRI, available literature reporting technical solutions was
screened and selected based on predefined inclusion and exclusion
criteria. 29 studies met the inclusion criteria and passed the quality
assessment.

The synthesis of the studies revealed significant methodological
heterogeneity, rendering a direct comparison of existing approaches
difficult. To classify the studies systematically, a taxonomy was
developed, that allowed for the categorization of the studies
based on their technical contribution to three dimensions of gaze
following systems, namely, the environment tracking, the gaze
tracking, and the gaze-environment mapping. We hope that this
taxonomy serves as a foundational framework for future endeavors
in the field of gaze following robots.
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In summary, this overview shows how far research has already
come in recent years and how much potential there is for
further improvements as hardware components and approaches to
computer vision continue to develop. Given that empirical studies
show that the gaze following behavior of robots is crucial for the
quality of HRI and for the perception of the robot as a social
entity (Pereira et al., 2019; Pereira et al, 2020; Willemse and
Wykowska, 2019), it is to be expected that the field will receive more
attention in the future.
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