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Abstract

Interaction with physical objects plays a key role in the development, assessment, and treat‑
ment of cognitive and motor skills across the lifespan. In recent years, this interaction has
been enhanced by smart objects, namely everyday items augmented with embedded sens‑
ing, processing, and feedback capabilities. These objects enable objective behavioural data
collection while preserving natural and engaging human–object interactions. However,
the literature remains fragmented and often focused on specific applications or interaction
paradigms. This scoping review provides an overview of smart objects developed for clin‑
ical and educational contexts, with intended uses including assessment, treatment, train‑
ing, education, and data collection to support machine learning approaches. Forty‑two
studies published from 2010 up to the final search date of 29 June 2026 were analysed fol‑
lowing the PRISMA‑ScR guidelines. The review adopts a design‑ and hardware‑oriented
perspective, classifying smart objects according to physical shape, intended use, target
population, and validation level. Particular attention is given to embedded electronic com‑
ponents, measured parameters, and the exploitation of sensing and feedback technologies
during human–object interaction. By synthesising current solutions, this review highlights
emerging trends, recurring limitations, and open challenges related to design choices, tech‑
nological constraints, and experimental validation, supporting the development of robust,
adaptable, and real‑world‑ready smart objects.

Keywords: smart objects; human–object interaction; rehabilitation technologies; motor and
cognitive skill assessment; educational tools

1. Introduction
The use of objects is a fundamental aspect of human interaction, providing the pri‑

mary means through which individuals engage with their environment and carry out Ac‑
tivities of Daily Living (ADL) [1,2]. From early childhood, exploring and manipulating
physical objects is crucial in the development of multiple abilities, including cognitive,
perceptual, motor, linguistic, and communicative skills [3]. Traditionally, interacting with
objects has been leveraged in assessment, treatment, and learning contexts. For instance,
standardised developmental tests frequently include activities such as stacking cubes to
measure psychomotor development [3]. Similarly, the analysis of complex motor tasks,
like handwriting on paper, has served as a valuable biomarker for evaluating cognitive
decline or neurological dysfunction [4,5]. Moreover, atypical, repetitive or restricted ma‑
nipulation behaviours are often associated with developmental motor delays or conditions
such as Autism Spectrum Conditions (ASCs) [6].
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Despite their widespread use, these methods present several limitations: they often
require highly trained specialists and dedicated equipment, involve time‑consuming video
analysis, rely partly on subjective scoring, and do not provide continuous data during real‑
life activities. A novel and promising approach to overcome these limitations is the use of
sensorised objects, which enable objective measurement of kinematic and physiological
parameters during task execution. In addition, their tangible and playful nature can en‑
hance user engagement and motivation, making it possible to support unsupervised or
minimally supervised assessment and rehabilitation.

Within this context, smart objects are physical, directly manipulable objects, such as
toys, spoons, cubes, and mugs, augmented with sensing and/or active feedback capabil‑
ities and associated electronic components, allowing them to acquire digital information
about human–object interaction and/or provide interactive feedback [7,8]. By integrating
technologies like Inertial Measurement Units (IMUs), force sensors, LEDs, and speakers,
they can provide a wide range of interactive experiences while generating digital informa‑
tion about human–object interactions. In recent years, the development of smart objects
is focused on healthcare, rehabilitation, and educational contexts, due to their features to
transform traditional methods into engaging and quantifiable experiences.

Over the last decade, there were other literature reviews that addressed similar re‑
search topics. Molina et al. [9] investigated the key benefits and challenges of adopting
tangible user interfaces (TUIs) in programming education. Ref. [10] analysed existing TUIs
aimed at enhancing social interaction among older adults and outlined future research di‑
rections. Ref. [11] presented an overview of TUI applications across different areas, includ‑
ing medicine and education. Komis et al. [12] categorised smart toys according to their
technological and educational affordances, with a specific focus on early childhood and
primary education. de Albuquerque & Kelner [13] classified Toy User Interfaces (ToyUI)
into four application fields, also considering physical characteristics such as materials, size,
shape, and symbolic representation. Overall, these reviews primarily focus on TUIs, which
are defined as “real physical objects that, when manipulated, can control a virtual space and rep‑
resent digital information.” [14]. However, they do not systematically examine smart objects
from a design‑ and hardware‑centred perspective. In fact, existing reviews do not anal‑
yse how sensing technologies, embedded electronics, feedback mechanisms, and physical
form influence the use of smart objects as autonomous tools for assessment, treatment, edu‑
cation, or data‑driven applications. As a result, key challenges related to clinical validation,
real‑world engagement, long‑term use, and integration into everyday workflows remain
scattered across individual studies and have not been critically synthesised.

This gap also distinguishes the present review from adjacent but broader reviews on
smart‑device‑based rehabilitation, such as Krumina et al. [15], which focuses on smart de‑
vice interventions for hand motor recovery after stroke, and from reviews of portable tech‑
nologies for infant motor assessment, such as Deng et al. [16], which addresses a specific
clinical population and assessment context. Similarly, recent reviews on IoT devices in
education and wearable sensors for learning analytics, including Tsipianitis et al. [17] and
Hong et al. [18], primarily frame these technologies in terms of educational affordances,
IoT infrastructures, wearable data streams, or learning analytics challenges, rather than
as physically embodied smart objects whose hardware architecture and interaction design
directly influence usability, engagement, data quality, and deployment.

To fill these gaps, this scoping review adopts an application‑oriented perspective,
treating smart objects as physical tools operating in real environments rather than as in‑
terfaces to digital systems. The aim of this review is to provide an overview of smart ob‑
jects developed for the assessment, treatment, and education of cognitive and motor skills.
Specifically, this scoping review aims to
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i. Classify smart objects according to their design characteristics and intended use;
ii. Analyse the electronic components, sensing, reasoning, and feedback technologies

adopted and the measured parameters;
iii. Examine the populations in which these objects have been tested;
iv. Identify existing gaps and methodological limitations so as to define future research

directions to support the development of next‑generation smart objects for clinical
and educational applications.

This review is organised as follows: Section 2 describes the search strategy, selection
criteria, and data extraction process; Section 3 presents the main findings; and Section 4
critically analyses current limitations, challenges, and future research opportunities.

2. Materials and Methods
2.1. Protocol

This scoping review was conducted following the PRISMA‑ScR (Preferred Report‑
ing Items for Systematic Reviews and Meta‑Analyses extension for scoping review) guide‑
lines [19] and guided by the JBI Manual for Evidence Synthesis. The review protocol was
not prospectively registered or published.

2.2. Search Strategy

The research was performed on three databases, namely Scopus, Web of Science, and
PubMed. Since each database uses different field tags and search syntax, the search strat‑
egy was adapted accordingly while maintaining the same combination of search concepts.
The exact search strings were as follows:

Scopus:
TITLE‑ABS‑KEY‑AUTH (“smart object*” OR “Smart toy*” OR “sensorised object*”

OR “tangible user interface” OR “TUI” OR “Sensor‑augmented toy*”) AND (“cognitive
impairments” OR “fine motor skills” OR “rehabilitation” OR “hand‑object interaction” OR
“hand rehabilitation” OR “pediatric rehabilitation” OR “motor skill assessment” OR “learn‑
ing platform” OR “Cognitive assessment” OR “motoric Impairments”).

Web of Science:
ALL = ((“smart object*” OR “Smart toy*” OR “sensorised object*” OR “tangible user

interface” OR “TUI” OR “Sensor‑augmented toy*”) AND (“cognitive impairments” OR
“fine motor skills” OR “rehabilitation” OR “hand‑object interaction” OR “hand rehabilita‑
tion” OR “pediatric rehabilitation” OR “motor skill assessment” OR “learning platform”
OR “Cognitive assessment” OR “motoric Impairments”)).

PubMed:
((“smart object*”[Title/Abstract]) OR (“Smart toy*”[Title/Abstract]) OR (“sensorised ob‑

ject*”[Title/Abstract]) OR (“tangible user interface”[Title/Abstract]) OR (“Sensor‑augmented
toy*”[Title/Abstract])) AND ((“cognitive impairments”) OR (“fine motor skills”) OR (“re‑
habilitation”) OR (“hand‑object interaction”) OR (“hand rehabilitation”) OR (“pediatric
rehabilitation”) OR (“motor skill assessment”) OR (“learning platform”) OR (“Cognitive
assessment”) OR (“motoric Impairments”)).

The search included studies published in English between 1 January 2010 and the final
search date of 29 June 2026.

2.3. Selection Criteria

For the purpose of this review, a smart object was defined as a physical and directly
manipulable object incorporating, or physically integrated with, sensing and/or active feed‑
back components. These components enable the object itself to acquire information about
human–object interaction or provide interactive feedback. Wearable devices in which sens‑
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ing components were worn on the user’s body, environmental sensing systems, and reha‑
bilitation equipment in which sensing was external to the manipulated object were not
considered smart objects. Tangible user interfaces and sensor‑augmented conventional
objects were included only when they met this operational definition.

As a first screening step, all duplicate papers were discarded manually by comparing
the title, authors, and publication year into a single Microsoft Excel spreadsheet. Secondly,
the titles and abstracts of the retrieved papers were examined according to the exclusion
criteria set by one of the reviewers. In particular, the exclusion criteria used in this re‑
view were as follows: (1) any smart object was not mentioned in the work; (2) the paper
presented an object that could not be handled (i.e., smart room, smart environment, or
AR circuit constructor); (3) the object was equipped only with an RFID tag or QR code,
or it did not incorporate any sensing component or active feedback element; (4) the work
presents a lack of information about the types of electronic components that the objects
were equipped with (i.e., accelerometer, gyroscope, force sensors, or/and physiological
sensors); (5) the paper was not submitted to a journal or a conference published in the last
sixteen years; (6) the paper was not written in English; (7) the paper was an abstract, a
review article, or a chapter published in a non‑scientific book; (8) the article was not fully
accessible; and (9) papers written by the same authors describing the same object were ex‑
cluded, and only the most recent version was included. The reports selected for full‑text
assessment were divided between two reviewers, who assessed eligibility and extracted
the relevant data. Whenever uncertainties regarding eligibility or data extraction arose,
the report was discussed by both reviewers until consensus was reached.

3. Results
3.1. Overview

A total of 596 records were retrieved from Scopus (n = 485), PubMed (n = 26), and
Web of Science (n = 85). After removing 81 duplicates, 515 records underwent title/abstract
screening, of which 425 were excluded. Ninety reports were therefore sought for retrieval;
1 could not be retrieved, leaving 89 reports for full‑text eligibility assessment. Follow‑
ing full‑text assessment, 49 reports were excluded, and 40 studies identified through the
database search were included. In addition, two studies already known to the authors, but
not retrieved by the database searches, were assessed according to the same eligibility crite‑
ria and included, resulting in a final total of 42 studies. The number of studies at each stage
of the process is presented in accordance with the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta‑Analyses) flow diagram, as shown Figure 1.

Over the past few years, there has been a growing interest in the design and devel‑
opment of smart objects aimed at assessing or treating patients, as reflected in Figure 2a,
displaying the distribution of the selected papers from 2010 to 2026. Most of the papers
were published from 2011, with a peak in 2018 and 2019. However, from 2020 to 2024,
the number of publications decreased. Figure 2b describes the distribution of the analysed
papers according to the source type (i.e., conference or journal paper).

The authors classified the smart objects used in analysed studies based on the follow‑
ing criteria: design (namely cross‑object and specific design), the ultimate intended use of
the smart object in the studies where they were involved (e.g., treatment or assessment;
Figure 2d), and the human skill target (e.g., motor or cognitive).
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Figure 1. PRISMA flow diagram illustrating the study selection process.

Figure 2. Overview of the analysed studies and smart objects: (a) distribution of publications per
year (2010–2026); (b) distribution of source type (journal vs. conference papers); (c) classification of
smart objects according to physical shape; (d) distribution of smart objects according to intended use.
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Additionally, the types of electronic components, the measured parameters, and
whether the studies involved target‑user or non‑target‑user evaluation were also analysed.
Specifically, the studies that presented multiple objects with varying shapes but equipped
with the same electronic module were classified as cross‑object design. Conversely, studies
that developed one or more objects with electronic components selected to their specific
shape were classified as object‑specific design. Across the 42 included studies, 49 smart ob‑
jects were identified: 43 object‑specific objects and 6 cross‑object systems. In cross‑object
systems, the same electronic module was embedded in multiple physical forms; therefore,
each system was counted as a single smart object regardless of the number of shapes in
which the module was used.

3.2. Intended Use of Smart Objects

In this section, the authors discuss the purpose of the objects (Figure 2d), classifying
them according to their intended use using the following definitions:

• Assessment: All smart objects in this category are developed in order to collect, anal‑
yse, and interpret user‑related data. For example, these objects could be used to eval‑
uate cognitive or motor performance during activities, to enrich the decision making
of clinicians, or to support clinicians in the assessment. Moreover, their design can be
inspired by traditional tools used in standardised tests or follow the same assessment
protocols, thus enabling the digitalisation and enhancement of these evaluations.

• Treatment: The smart objects in this category are designed to either facilitate rehabil‑
itation activities, such as hand rehabilitation or post‑stroke therapy, or to function as
coaching tools by monitoring specific cognitive or motor functions during the treat‑
ment. Similarly, their design can be inspired by conventional therapeutic tools or
replicate the same intervention protocols, allowing the digitalisation of traditional
treatment practices.

• Education: These smart objects are developed for educational purpose, such as teach‑
ing mathematics and geometry, or for enhancing cognitive skills.

• Training: The authors refer to the objects designed or employed to gather data that
are meant to be used for training neural network/machine learning (ML) models for
activity recognition tasks.

Additionally, the analysed smart objects were also categorised, inside each group,
according to the human targeted skill, such as health status, cognitive ability, motor skills,
or activity recognition, as reported in Table 1.

3.2.1. Smart Objects for Assessments

Among the studies involved in this work, six of them developed smart objects for cog‑
nitive assessment. For instance, Crovari et al. [20] designed and developed SAM, a dolphin‑
shaped smart toy, to engage children with Neurodevelopmental Disorders (NDDs) in a
variety of tasks. Lee et al. [21] developed Sensor‑Integrated Geometric Blocks (SIG‑Blocks)
to be used in tangible Geometric Games (TAG‑Games) for automated cognitive assess‑
ment. Their study investigated whether performance in TAG‑Games was correlated with
scores obtained from three subtests of the Wechsler Adult Intelligence Scale—Fourth Edi‑
tion (WAIS–IV): Block Design (BD), Matrix Reasoning (MR), and Digit Span (DS). To collect
information about the duration and the modality of the interaction of playing with, West‑
eyn et al. [22] presented a set of smart toys that can be used to characterise objectively how
children play.

On the other hand, smart objects that were designed to perform motor assessment
have been developed in 11 studies. For instance, sensorised tokens were used in a board
game called getThatCheese in order to assess fine motor skills in children [23]. As another
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example, Lunardini et al. [24] equipped an ink pen with force and motions sensors for
quantify and assess, in an ecological way, daily life handwriting. Brons et al. [25] used
sensor‑augmented toys to predict the fine M‑ABC outcomes with the aim of assessing chil‑
dren’s fine motor skills. One study designed three cubes embedded with physiological sen‑
sors to measure children’s physiological parameters to assess their health [26]. Moreover,
Leo et al. [27] and Biswas et al. [28] assessed both motor and cognitive performance. The
former developed a cube, named iCube, to investigate how spatial skills influence perfor‑
mance in a haptic task, whereas the latter created a set of smart cubes aimed at monitoring,
characterising, and enhancing human spatial reasoning.

3.2.2. Smart Objects for Treatment Purposes

Smart objects for motor treatment sessions were developed in 12 studies. An exam‑
ple is presented in [29], where an electronic dumbbell was developed to help patients to
train their injured wrists at their home. The object, equipped with an accelerometer and a
vibrotactile actuator, was used as a gamer control for the ping‑pong game. Stephens‑Fripp
et al. [30] developed a prototype of a sensorised object designed to measure, record, and
transmit the gripping force of prosthetic hands. In the future, this device could be used to
provide sensory feedback, helping users to better control their grasping force. To monitor
motor functions of stroke patients during rehabilitation sessions, Bobin et al. [31] created
an ecosystem of smart objects, inspired by the Action Research Arm Test (ARAT) protocol
and the conventional rehabilitation tools. Within cognitive treatment, two studies intro‑
duced smart toys: one supporting emotion regulation therapy [32] and the other enhancing
engagement in children with difficulties in interacting with their environment [33].

Two studies presented smart objects addressing both motor and cognitive treatment:
Solorzano Alcivar et al. [34] designed and created a stackable toy to enhance children’s cre‑
ativity, hand–eye coordination, and fine motor skills, while Vondrak et al. [35] created a set
of smart cubes and an interactive game mat for neurocognitive rehabilitation, stimulating
memory, attention, and executive function.

3.2.3. Smart Objects for Educational Purposes

Three studies developed smart objects designed to help children in learning school
subjects. An example of a smart object used as a tool for teaching geometry is presented
by Dujić Rodić et al. [36]. They integrated an LCD screen and InfraRed sensor into a plush
giraffe toy, enabling it to recognise the hand movements of children and correct them using
a machine learning system. Moreover, Cholitha Hettiarachchi et al. [37] proposed a novel
tangible interface called Tangicubes. TangiGuru is an e‑learning platform that consists of
12 Tangicubes. TangiCubes are equipped with an OLED display, LEDs, vibration motor,
and sensors, designed for developing cognitive skills in children and to help them learn
better when playing and exploring the physical world.

3.2.4. Smart Objects for Training AI Models

Three studies presented smart objects designed to collect data for training AI mod‑
els. For example, Patel et al. [38] evaluated the performance of their classifier algorithm in
identifying manual exploratory behaviours based on the sensor data. Bartolomei et al. [39]
reported the accuracy of a model trained with data gathered through their smart ob‑
ject to classify user actions associated with symbolic play, enabling the system to pro‑
vide appropriate feedback to encourage symbolic play in children with autism spectrum
conditions (ASCs).
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3.2.5. Domain Applications

Currently, these smart objects are used for a wide range of functions that cluster into
several domain applications. A first domain concernsMotor Rehabilitation and Physical Ther‑
apy [24,29–31,40–47], where smart objects act as tools for structured motor training or for
upper‑limb recovery of post‑stroke patients or those with wrist or hand injuries. Other
objects serve the functional purpose of supporting Fine Motor Skills, Visual–Motor Integra‑
tion, and Cognitive–Motor Assessment [21,23,25,27,28,38,48], becoming an accessible tool for
quantifying a user’s motor and cognitive skills. Additionally, some smart objects are em‑
ployed forNeurodevelopmental Assessment and EarlyDetection [3,22,49–52], where sensorised
toys capture atypical behavioural patterns during play to support the diagnosis of neu‑
rodevelopmental impairments or autism in children. Complementarily, there are smart
objects designed for Cognitive, Emotional, and Social Development [20,32–35,37,39,53], lever‑
aging interactive or affective feedback to promote engagement or socio‑emotional skills.
Beyond clinical aims, smart objects have also been explored for Activity Cueing, Coaching,
andHuman–Object Interaction [1,54–56], demonstrating how embedding actuation and sens‑
ing into everyday items can support the sequencing of daily actions or reduce cognitive
load. They have also been employed in Educational and STEM‑Based Learning [36,57,58]
environments as well as Health Monitoring and Physiological Tracking [26,59], integrating
embedded sensing to capture physiological or behavioural indicators.

3.3. The Shape of the Smart Object

Concerning smart objects with an object‑specific design, the authors categorised the
shapes of smart objects as geometrical shapes, toys, daily life objects, and other objects, as
shown in Figure 2c. Geometrical shapes, such as cubes, spheres, and parallelepipeds, are
used widely as smart object shapes (14/43, 33%). These types of shapes are mainly used
in game activities where it is required to build something with cubes [3], to recreate a dis‑
played image using objects [21], or to control a virtual game [56]. Many studies endowed
daily life objects (10/43, 23%), such as a cup, mug, jug, or spoon, equipped with electronic
components. These smart objects were designed for various purposes, including assess‑
ing motor skills [52], recognising human activity, and identifying individuals [55], or to
monitor post‑stroke rehabilitation during daily activities at home [40]. To monitor, assess,
and teach children, many studies incorporated sensors and other electronic components
inside toys (13/43, 30%) such as plush toys, toy cars, toy planes, and LEGO. For exam‑
ple, Lanini et al. [50] equipped a truck and a plane with sensors to detect the movements
and orientation of the toy in real time while it is being played with. Similarly, Udayagiri
et al. [51] created a panda head with a Lossy Force Sensor to acquire data on the interactions
of infants.

Finally, a few studies (6/43, 14%) incorporated electronic components into objects
such as crutches, used to measure physiological parameters in physiotherapy [45]; dumb‑
bells, designed for wrist rehabilitation [29]; or tokens, used in a board game for fine motor
skills assessment [23]. Regarding smart objects with a cross‑object Design, as described
in Section 3.1, there is not a predefined shape. Indeed, the same electronic module was
embedded inside in various types of objects, ranging from commercial to manufactured
objects, such as soft toys, printed cubes, spoons, and balls. For example, in the work of
Moraiti et al. [48] occupational therapists created custom smart objects using a toolkit pro‑
vided by authors. The Table 1 and Table S1 summarise the types of shapes used across the
studies included in this review.
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3.4. Electronic Components

All the smart objects discussed in the 42 studies reviewed were equipped with var‑
ious electronic components, as reported in Table 1 and Table S1. For simplicity, the
authors categorised these components into four groups: sensing, feedback, communica‑
tion/identification, and reasoning elements. Sensing elements collect data during human–
object interaction, while feedback elements provide visual, auditory, or vibrotactile cues.
Communication/identification elements support either wireless data transmission or the
identification of nearby objects, whereas reasoning elements process sensor data, control
feedback components, and extract relevant features. Nineteen studies integrated Sensing
and reasoning elements into their objects, while 21 studies also integrated feedback ele‑
ments. Only 2 studies embedded reasoning and feedback elements into smart objects.

Most of the smart objects have as reasoning element a Microcontroller. Only a few
objects (4 out of 49) did not include an embedded microcontroller and instead transmitted
data directly to a PC or external receiver for processing and feature extraction.

Communication/identification elements included technologies used either for wire‑
less data transmission or for object identification. Wi‑Fi and Bluetooth/BLE were the most
commonly adopted communication technologies, being integrated into 15 and 12 of the
49 smart objects, respectively. In addition, five smart objects incorporated RFID and/or
NFC technologies, primarily for identifying or recognising nearby objects or tags rather
than for continuous data transmission; these five smart objects also include Wi‑Fi or Blue‑
tooth/BLE connectivity. For 22 out of 49 smart objects, no dedicated wireless transmission
module was reported, or this information was not specified. The sensing elements have
been further divided into subgroups according to the measured event: inertial sensors,
optical sensors, force sensors, physiological sensors, tactile sensors, environment sensors,
and tag sensors. Inertial sensors are devices that measure the motion and orientation of an
object using its inertia. These sensors, such as acceleration and/or angular velocity and/or
magnetometers, are employed to measure the dynamic of smart objects. Some objects are
equipped with only accelerometer (7 out of 49) or gyroscope (4 out of 49), rather than an
Inertial Measurement Unit (IMU) with 6 Degrees of Freedom (6‑DoF; 6 out of 49) or IMU
9‑DoF (17 out of 49). Optical sensors are devices that detect light and convert it into an
electrical signal, such as InfraRed (IR), optical fibres or Light Dependent Resistor (LDR).
These sensors can be applied to measure a force, to detect another close object, or whether
an object is placed on top of another one. A total of 9 Smart objects are equipped with this
group of sensors. The force sensors measure the force applied to it and convert that force
into an electrical signal. This signal can then be measured, converted, and standardised to
indicate the magnitude of the applied force to an object. Some smart objects are embedded
with force sensors like Force Sensing Resistor (FSR), load cell, strain gauge, pressure sensor
or Force‑sensing Linear Potentiometers (FSLP). Physiological sensors are a type of sensor
that measure signals generated by the human body, such as heart rate, blood pressure,
and respiration. The physiological sensor employed are Pulse/Oxygen Saturation Sensor,
body temperature sensors, differential pressure sensor and photoplethysmography (PPG).
Tactile sensors are devices that detect physical contact, providing information about pres‑
sure, force and texture. These kinds of sensors are embedded in few smart objects, and
include capacitive sensors, capacitive button, and touch and pulse sensor (TAPS). Environ‑
ment sensors measure and monitor various parameters of the surrounding environment.
Six out of 49 objects are equipped with these sensors, such as barometer, humidity sensors,
thermometer and liquid level detection. Finally, tag sensors leverage wireless technologies,
such as Radio Frequency Identification (RFID) and Near Field Communication (NFC), in
order to enable data transmission. These sensors are attached to objects to identify and
track them.
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The feedback elements are devices that provide visual, auditory, and haptic feed‑
back through components such as LEDs, buzzers, and vibration motors. LEDs (20 out of
49) are the most used electronic components for visual feedback. Three smart objects were
equipped with display capable of showing figures, geometric shapes, or similar visual con‑
tent. For auditory and haptic feedback, smart objects were typically equipped with buzzers
(10 out of 49) and vibration motors (7 out of 49). The Figure 3 shows the distribution of
these elements into smart objects.

 

Figure 3.Distribution of electronic components integrated into the analysed smart objects.

3.5. Measured Parameters

As outlined in the “Electronic components” section, the choice of sensors embedded
in each object was driven by the parameters to be measured. In this context, it is worth
noting that the majority of the smart objects included in the analysis were designed to
capture manipulation parameters (Table 1).

Most studies focus on kinematic parameters, mainly 3D acceleration, rotation, and
orientation, which enable the detection of how the object is manipulated and whether
tremors occur during movement. These signals are often processed to derive or extract
features such as velocity, jerk, object direction, and inclination, providing a more detailed
representation of motor behaviour.

Additionally, force parameters are used to assess grasp strength and to detect lifting
action. In some cases, force sensors are employed to estimate object deformation and finger
positioning, offering insight into grasp strategies and fine motor control.

Finally, a smaller subset of studies extends beyond kinematic and force measures to
include physiological signals and task‑specific parameters, such as hand gesture recogni‑
tion or environmental variables (e.g., water level).
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Table 1.Overview of smart objects according to intended use, target skills, hardware configuration, and measured parameters.

Reference Intended Use|Human
Target Skills

Number of
Objects Used Shape Electrical Components Measured Parameters

[40] Treatment|Motor 1 Daily life objects|Cup FSR, IMU 9‑DoF, NFC, LED, liquid
level detection, MCU WI‑FI

Grasping force, 3D acceleration,
rotation (tremor detection), level of

water inside the object

[1,54] Treatment|Motor 3 Daily life objects|jug, Cup,
Spoon

jug: LED, FSR, MCU WI‑FI;
accelerometer, tilt sensor, speaker
spoon: accelerometer, vibration
motor, LED strip, MCU WI‑FI.

cups: LED, MCU WI‑FI

3D Acceleration, object’s inclination
and when it has been picked up

[31] Treatment|Motor 2 Geometrical|Cube, rounded
parallelepiped

Jack: MCU WI‑FI, IMU 9‑DoF, FSLP
Cube: FSR. MCU BLE, IMU 9‑DoF

3D acceleration, orientation and
rotation, and the pressure applied

and the fingers position

[44] Treatment|Motor 2 Toy|LEGO cottage,
Crocodile head shape

LEGO: load cell, MCU BLE
Crocodile: capacitive button, MCU

BLE

Grasping force and number
of pinches

[25] Assessment|Motor 1 Geometrical|Cube IMU 6‑DoF, MCU BLE, LED 3D acceleration and rotation (Jerk
derived from angular velocity)

[57] Education|Cognitive 1 Toy|Bear MCU, gyroscope, LED, RFID 3D Orientation and Card validation

[41] Assessment|Motor 1 Daily life objects|Cup
MCU WI‑FI, IMU 9‑DoF, Buzzer,

LED, Liquid level detection, Strain
gauge

3D acceleration, orientation and
rotation, level of water inside the
object and grasping Force and

hand movements

[37] Education|Cognitive 1 Geometrical|Cube MCU WI‑FI, IMU 6‑DoF, LED, IR,
display OLED, Vibration motor

3D acceleration and orientation,
Close object detection

[32] Treatment|Cognitive 1 Toy|Plush MCU, Capacitive touch, Gyroscope,
Vibration motor, FSR

3D rotation, Grasping Force and
Touch detection

[20] Assessment|Cognitive 1 Toy|Dolphin MCU WI‑FI, RFID, LED, Buzzer, IMU
6‑DoF, Tactile sensor

3D acceleration and rotation, Card
identification, Touch detection

[36] Education|Cognitive 1 Toy|Giraffe MCU, IR, Display LCD, Buzzer Hand detection
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Table 1.Cont.

Reference Intended Use|Human
Target Skills

Number of
Objects Used Shape Electrical Components Measured Parameters

[58] Assessment|Cognitive 9 Geometrical|Cube MCU WI‑FI, RFID, LED, Buzzer, IMU
9‑DoF

3D acceleration, orientation and
rotation, Object Identification

[59] Assessment|Motor 1 Daily life objects|Water bottle MCU WI‑FI, TAPS, PPG, IMU 6‑DoF, 3D acceleration and rotation, Heart
rate Variability and Touch detection

[49] Assessment|Motor 5 Cross‑object Design|Doll,
spoon, toy car, cube and ball

MCU BLE, IMU 9‑DoF, Barometer,
Thermometer and Humidity sensor

3D acceleration, orientation
and rotation

[3] Assessment|Motor 4 Geometrical|Cube MCU, IMU 9‑DoF, LDR, tilt sensor,
LED, Buzzer

3D acceleration, orientation and
rotation, (max and min acceleration,

number of movement)

[42] Treatment|Motor 1 Other objects|Stress ball MCU, FSR, Accelerometer, Vibration
motor 3D acceleration, Grasping Force

[29] Treatment|Motor 1 Other objects|Dumbbell MCU, Vibration motor,
Accelerometer

3D acceleration (detect
pronation/supination range

of motions)

[50] Assessment|Cognitive 2 Toy|Track, Plane Track: IMU 9‑DoF, MCU WI‑FI
Plane: IMU 9‑DoF, MCU WI‑FI

3D acceleration, orientation and
rotation

[21] Assessment|Cognitive 4 Geometrical|Cube Accelerometer, MCU, reflective
optical sensor

3D acceleration, Close
object detection

[27] Assessment|Motor/Cognitive 1 Geometrical|Cube IMU 9‑DoF, Capacitive Button,
motion processing unit (MPU)

3D acceleration, orientation and
rotation, Touch detection

[24] Assessment|Motor 1 Daily life object|Ink MCU BLE, LED, load cell, IMU 6‑DoF
3D acceleration and rotation (Tremor

detection), Writing Force (mean
writing force)

[45] Assessment|Motor 1 Other objects|Crutch FSR, IMU 9‑DoF, MCU BLE Grasping Force and object inclination

[43] Treatment|Motor 1 Cross‑object Design|ball IMU 9‑DoF, External receiver 3D acceleration and rotation

[23] Assessment|Motor 1 Other objects|Token MCU, Accelerometer, LED 3D acceleration (Jerk derived
from acceleration)
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Table 1.Cont.

Reference Intended Use|Human
Target Skills

Number of
Objects Used Shape Electrical Components Measured Parameters

[48] Treatment|Motor 8

Cross‑object Design|floor
mat, cross‑controller, polar
bear, pillow, gloves, ghost,

duck, socks

MCU, pressure sensor Deformation of objects

[55] Training Model|Activity
recognition 1 Daily life object|Coaster of a

jug IMU 9‑DoF, FSR, MCU WI‑FI 3D acceleration, orientation and
rotation, lifting Force

[52] Assessment|Motor 4
Daily life object|Spoon,

Marker, Toy|Car Toy, Rattle
toy

spoon: MCU, gyroscope
marker: MCU, gyroscope

car toy: rotatory encoder, MCU,
Rattle toy: IMU 6‑DoF, MCU

3D acceleration and rotation, Number
of wheel rotations (Object direction)

[30] Treatment|Motor 1 Geometrical|Cube FSR, MCU BLE Grasping Force

[51] Assessment|Motor 1 Toy|Panda head Optical fibers, PC Loss of emitted light (Grasping
Force derived)

[56] Assessment|Motor 1 Geometrical|Spherical
MCU, IMU 9‑DoF, barometer,

vibration motor, Light Dependent
Resistor

3D acceleration, orientation and
rotation, Altitude, Hand proximity

[26] Assessment|Health
monitoring 3 Geometrical|

Cube

MCU WI‑FI, Pulse/Oxygen
Saturation Sensor, Thermometer,

differential pressure Sensor, Buzzer

Heart rate variability, Blood oxygen
saturation, body temperature, lung

volume, skin conductance

[53] Assessment|Cognitive 3 Cross‑object Design|Toy
Blocks IMU 9‑DoF, MCU WI‑FI

3D acceleration, orientation and
rotation (holding time, moving time,

standing time)

[22] Assessment|Cognitive 7
Cross‑object Design|Ring,
blocks, Caterpillar, Domes,

LEGO, Lid, Puppy

Capacitive touch, Accelerometer,
MCU 3D Acceleration

[46] Treatment|Motor 1 Geometrical|Cylinder MCU, pressure sensor Finger Force

[38] Training model|Activity
recognition 5 Cross‑object Design|ball,

cube PC, IMU 9‑DoF 3D acceleration, orientation
and rotation
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Table 1.Cont.

Reference Intended Use|Human
Target Skills

Number of
Objects Used Shape Electrical Components Measured Parameters

[39] Training model|Activity
recognition 1 Other Objects|Shape

not defined MCU BLE, LED, IMU 9‑DoF, Buzzer 3D acceleration, orientation
and rotation.

[34] Treatment|Motor/Cognitive 1 Toy|Duck MCU, LED, buzzer No sensor‑derived parameter
reported

[35] Treatment|Motor/Cognitive 6 Geometrical|Cube MCU BLE, LED, IR, Buzzer Object detection

[33] Treatment|Cognitive 1 Other Objects|Plastic box MCU BLE, LED, IR, Buzzer, IMU
6‑DoF, Gesture sensor

3D acceleration and rotation, Hand
detection and gesture

[47] Treatment|Motor 1 Toy|Monster toy MCU WI‑FI, IMU 6‑DoF,
display OLED 3D acceleration and rotation

[28] Assessment|Motor/Cognitive 5 Geometrical|Cube
MCU, LED, buzzer, IMU 6‑DoF,

vibration motor, near‑field magnetic
induction (NFMI)

3D acceleration and rotation, Object
Identification
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3.6. Experimental Evaluation and Target‑Population Involvement

The 42 studies included in this review were divided into two categories according to
the involvement of the intended target population: Non‑target‑user evaluation (14 out of
42) and Target‑user evaluation (28 out of 42). Non‑target‑user evaluation included studies
in which the intended target population was not involved, either because the smart object
was preliminarily tested with non‑target participants or because no user testing was con‑
ducted. In contrast, Target‑user evaluation included studies in which the smart object was
evaluated with the intended target population within experimental, clinical, educational,
or real‑world protocols to assess its feasibility, usability, performance, or suitability for the
intended application.

Among the studies classified as Non‑target‑user evaluation, several conducted pre‑
liminary experiments with non‑target participants to assess the accuracy of trained mod‑
els [38–40,51], or to validate technical aspects of the smart objects, such as electronic mod‑
ules, signal processing, or output signals [1,29,30,42,45,54]. For example, a set of sensorised
objects was designed by Baber et al. [54] to support activities of daily life for patients with
neurological deficit. In this study, 23 healthy young adults, mean age of 25 years, were
recruited at the school of Electronic, Electrical and Systems Engineering, to validate the set
of smart objects. The participants carried out three trials: pick‑up and pour actions guided
by visual and auditory cues, lifting a jug to test whether animation and handle orientation
cued the action, and performing logical and illogical tea‑making sequences based solely
on object cues. The results showed that sounds and object animations were more effec‑
tive cues than lights alone, and illogical action sequences led to more memory errors than
logical ones. Moreover, the authors suggest that such animate, sensorised objects could
support stroke and neurocognitive patients in daily activities, though further clinical val‑
idation is needed. Instead, six studies only described the smart objects, specifying what
they should measure or the types of activities they should support, without conducting
any test [33,35,46,59]. Martinho et al. [46] described the design, the fabrication, and the
characterisation of pneumatic sensing chambers (PSCs) for a hand rehabilitation device
aimed at assessing grasping force in post‑stroke patients. No participants were recruited
for testing, but instead, mechanical experiments and finite element analysis (FEA) were
conducted to compare PSC designs with different geometries in terms of sensitivity, lin‑
earity, repeatability, hysteresis and durability. Results indicated that the small half‑sphere
design was the most suitable option for device development.

For studies classified as Target‑user evaluation, the target populations were also cat‑
egorised by age as follows: children (0–12 years), adolescents (13–19 years), young adults
(20–35 years), middle‑aged adults (36–55 years), and older adults (56 years and above).
The number, age, and health or clinical status of the participants, together with the main
characteristics of the experimental evaluation, are summarised in Table S2.

3.6.1. Smart Objects Used with Children

The majority of studies (15 out of 42) focused their effort on the development of smart
objects for healthy children [3,22,26,34,36,37,44,49] or for children with impairments in fine
motor skills development [23,25], intellectual disability [58], post trauma stress [53], hear‑
ing impairments [57] or autism [50,52]. Gutiérrez García et al. [3] validated smart cubes
as toy for enhancing decision‑making process recruiting 65 (32 males and 33 females) chil‑
dren from 2 to 3 years old. In this work, children were asked to build a tower. The results of
these experiments showed that the authors have detected with smart object at least three
factors of interest to describe the level of psychomotor development of children: trem‑
bling, speed, and accuracy. Brons et al. [25] used a commercial toy, named Futurecube,
to classify the motor skill levels of 95 children. The participants, aged 6 to 9 years, in‑
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cluded 49 children with fine motor skill difficulties and 46 without any difficulties. The
study was conducted in an elementary school, where children played two games, the Road‑
runner Game, in which players rotated a cube to keep a spot on its top surface, and the
Maze Game, where children moved a white dot through a maze of green dots. The study
compared different classifiers and games, evaluating both gameplay features and sensor
data. The best‑performing classifier achieved an accuracy of 0.76 and an F1 score of 0.70
in predicting the MABC‑2 (Movement Assessment Battery for Children—Second Edition),
demonstrating the potential of sensor‑augmented toys for assessing children’s motor skills.
Faraci et al. [49] proposed an innovative set of sensorised toys to facilitate early diagnosis
of autism spectrum disorders. They conducted a small pilot study involving children aged
between 9 and 15 months. The experimental protocol consisted of the child playing freely
with these toys, while certain actions were measured and subsequently identified. Data col‑
lected from the sensors embedded inside toys were analysed, and features were extracted
for activity detection. Even though the full classification model was not trained due to
limited data availability, the study demonstrated the feasibility of distinguishing different
types of toy movements through feature extraction and preliminary analysis.

3.6.2. Smart Objects Used with Young Adults

Three studies focused on developing smart objects for healthy young adults to assess
cognitive–motor skills [21], to identify the action [55], or to investigate the spatial skills [27].
Peng et al. [55] evaluated a sensorised coaster on a cohort of 26 students in their early 20s to
train and assess the model for action recognition. The participants were asked to perform
actions with a jug in both a controlled and natural manner. The results indicated low error
rates in the controlled scenario, with values of 0.15% when the subjects in the training and
testing sets matched and 1.65% when they did not. However, performance decreased in
the naturalistic scenario, where the error rates increased to 6.35% and 15.33%, respectively.
In addition, the authors developed an i‑vector‑based approach for subject identification,
which achieved an accuracy exceeding 68% in the naturalistic scenario.

3.6.3. Smart Objects Tested with Adults

Varesano & Vernero [56] developed a smart object aimed at being used in video games
and leisure activities, which they tested with healthy older adults. Fourteen participants,
aged 58 to 84 years, were recruited from a training centre class. Each participant played
Pandagolf, a game in which the goal was to avoid obstacles with a virtual ball by manipu‑
lating the smart object. At the end of the game, participants completed a questionnaire to
assess their gaming experience with the smart object. The results indicated that the object
was positively evaluated in terms of acceptability.

3.6.4. Smart Objects Used with Multiple Age Groups

Six studies tested their smart objects on participants covering multiple age groups
as described above, such as healthy young, middle‑aged, and older adults [24]; children
and adults [28]; young and older adults’ post‑stroke [31]; adolescents, young adults, and
middle‑aged adults with eating disorders [32]; children and adolescents with cerebral
palsy [43]; and adolescents and young adults affected by Neurodevelopmental Disorders
(NDDs) [20]. For instance, Meriggi et al. [43] recruited 10 (7 males and 3 females) children
and adolescents with cerebral palsy aged 3 to 16 years to test an innovative paediatric re‑
habilitation protocol based on smart objects. The rehabilitation activities took place in the
CARE lab, in which each child was asked to perform three sessions of six exercises with
a sensorised ball, such as rolling, transferring from one basket to another, launching, and
other activities. The results showed that the smart object can detect differences in move‑
ments performed by normal and palsy arms.
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4. Discussion
This review aimed to provide an overview of the objects equipped with electronic

components, called smart objects, designed for different intended uses ranging from reha‑
bilitation and clinical assessment to education and training on motor and cognitive skills.
The reviewed literature provides several challenges, reflecting both methodological and
technological limitations that still constrain the adoption of smart objects for long‑term
clinical or educational applications. At the same time, the conducted analysis also high‑
lighted recommendations and research trends that should be carried out in the forthcom‑
ing years. The next paragraphs are divided according to the main topics and summarise
the identified trends. Finally, Table 2 reports the research guidelines for developing the
smart object of the future.

Table 2. Barriers, challenges, and future research topics.

Topic Barrier/Limitation Challenge/Opportunity Research Topic

Design and
Hardware Selection

Object‑specific design
Use different shapes of the smart object,

improving the modularity
and scalability.

Modular design

Personalised experience with
the smart object

Attractiveness
The object is not interesting for users to
ensure long‑term use or integration in

daily life.

Improve the attractiveness of
the object

Shape, size, and
ergonomics [23,35]

The physical form is not adequate for
patients with motor deficits.

Object shapes suited to
target users

Generate new type of haptic feedback,
such as temperature, roughness, and

changing dimension.
Smart material

Commercial sensors

Control over the device’s size and shape
could provide more accurate results. Custom sensors

Sensors with large dimensions or/and
slow sampling rates [49].

Integrate small or/and
high‑performance sensors

Fragile materials The material is very fragile and breaks
very easily [49].

Improve the solidity
of material

Power consumption [58,59] Limit the autonomy of device. Integrate sleep mode and use
low‑power sensors

Experimental
Session

Limited number of
participants

Design experimental sessions involving
a larger set of participants.

Enlarge the number of
participants

The majority of the papers
involve healthy participants

Target participants with cognitive or
physical function loss were not included.

Recruit participants that have
cognitive and physical

constraints

Lack of clinical trial

No evidence regarding their usability in
real‑world contexts.

Manage the ethical and
security issues for testing in

clinical settings

Also involve the clinical stakeholder. Verify the acceptance by
clinicians and patients

Structured tests [1]
Acquire data from a protocol with strict
rules that could not be easily applied in

real‑world use.

Investigate natural
interaction with the object

Confounding factors
during testing

Caregivers or researchers sometimes
influence interactions, affecting the

validity of the data.

Mitigate observer bias in
interaction datasets

Few papers involve
older adults

Explore the use of smart objects with
older adults.

Digitalise tests that stimulate
the physical and cognitive
functions of older adults
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Table 2.Cont.

Topic Barrier/Limitation Challenge/Opportunity Research Topic

Data Integration,
Management, and

Processing

Aggregate and visualise
collected data [40]

Create a dedicated data visualisation
tool that meets their specific expectation.

Co‑design with relevant
stakeholders

Manage a large amount
of data

Small computing capabilities embedded
on the smart object.

Investigate neuromorphic
technology or edge
computing strategy

Integrate the smart object
into a complex sensorised

environment [30,49]

Interoperability between system
components. Functional ecosystem

Machine learning
limitations

ML models are trained on small datasets,
usually adults or healthy subjects.

Create a large dataset from
target users

4.1. Design and Hardware Selection

The analysed papers show that there is a predominance of object‑specific designs, of‑
ten with geometric shapes, toys, and daily life objects, suggesting that most research has
focused on creating smart objects with a fixed and well‑defined shape. However, com‑
pared with cross‑object designs, they may show a lower adaptability to different contexts
or user groups. Instead, the cross‑object designs are characterised by modular architec‑
tures that allow the same electronic module to be embedded in various forms, making
them potentially more flexible and reusable across multiple applications. In this sense, fu‑
ture works should be focused on designing modular objects so that the same object can be
easily applied to different applications.

The findings of this review indicate that the shape of smart objects reflects the in‑
tended use and target population. Indeed, geometrical shapes and toys are mainly adopted
in studies involving children, where the playful component supports motivation and ex‑
ploration. On the other hand, daily life objects such as cups, spoons, or pens are preferred
in rehabilitation and assessment with adults, for their capability to enable the measurement
of gestures that are ecologically valid and meaningful in everyday life. These findings high‑
light that when developing a smart object, it is essential to consider not only the electronic
components but also its shape in order to ensure a familiar and a natural interaction with
the user. In particular, the objects should have three main characteristics, which are attrac‑
tiveness for capturing interest, solid materials for damage prevention, and shape, size, and
ergonomics features suitable for the target users. For example, Borghese et al. [44] affirmed
that “the bare load cell and the clothespin prototypes were generally liked by clinicians, but they
were also considered “cold” objects, so children are not genuinely interested in them”. This necessi‑
tated the addition of emotional content, such as LEGO characters or colourful paintings on
the crocodile toy, in this case, to increase attractiveness and intrinsic motivation. Moreover,
Faraci et al. [49] reported their need to improve both the toys’ attractiveness and their so‑
lidity because the balls had broken 50% of the time during usage. Concerning ergonomics,
Mironcika et al. [23] stated that the physical design of their tokens was constrained by the
sensor size, leading to tokens that were perceived by therapists as possibly too large and
uncomfortable for one‑hand manipulation Additionally, another more pressing challenge
is to address the lack of personalisation by developing mechanisms that can offer tailored
learning experiences that adapt to the user’s performance and learning patterns [37].

The results of this review show the relationship between the intended use of smart ob‑
jects and the electronic components employed in their realisation. Inertial (i.e., accelerom‑
eters, gyroscopes, or IMUs) and force sensors (i.e., FSR, load cells, or strain gauges) are
mainly used in motor assessment and treatment, as they enable accurate quantification
of kinematic parameters necessary to evaluate, monitor, or recognise motor performance
and activity. Smart objects developed for cognitive assessment, treatment, and education
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often include, along with inertial sensors, optical, tactile, or tag sensors, as well as displays
and LEDs. These electronic devices enable the detection of object proximity, gestures, and
touch interactions, as well as the visualisation of images or geometric shapes, allowing for
the use of such smart objects in cognitive games such as memory, shape matching, and
assembly tasks. The features captured during these tasks provide detailed behavioural
patterns that can be associated with specific cognitive processes. In addition, the use of
custom sensors allows for more flexibility in the design process. For instance, Stephens‑
Fripp et al. [30] stated that using sensors fabricated with conductive ink would allow for
greater control over the device’s size and shape and potentially yield more accurate re‑
sults than commercial FSRs. Moreover, Bobin et al. [31] modified the shape of commercial
sensors to conform the jack’s rounded design, resulting in a minimum detection thresh‑
old. Additionally, an important limitation concerns the use of sensors with large physical
dimensions and low sampling rates. Such characteristics constrain the design of smart ob‑
jects, often resulting in objects with increased size and reduced ease of handling during
interaction. Moreover, low sampling rates limit the achievable performance in tasks re‑
quiring temporal resolution, such as gesture recognition [49]. A potential solution would
be the integration of smaller and higher‑performance sensors. However, this approach
typically implies higher costs.

Other limitations identified in the reviewed studies relate to the hardware power con‑
sumption. The use of Wi‑Fi communication or a large number of embedded electronic
components, such as LED, vibration motor, and FSR, requires high energy, which leads to
a significant reduction in battery life, limiting the device’s autonomy. These problems are
particularly relevant for smart objects designed for daily activities or long‑term use because
they would require more frequently battery replacement or recharging [35,40,44,45,58,59].

4.2. Intended Use

From the analysis of the intended use of smart objects, it emerges that the most com‑
mon smart objects are those designed for assessment and treatment purposes. This preva‑
lence reflects the strong interest in developing tools capable of measuring cognitive and
motor performance. However, the categorisation adopted in this review should be inter‑
preted as a description of the main intended use reported in each study, rather than as
the definition of smart objects. In practice, several systems show the potential to support
multiple purposes beyond their original design. For example, Patel et al. [38] employed
smart objects to train a machine learning‑based classification method. However, the same
combination of sensorised objects and classification algorithms could also be used for early
assessment of neurodevelopmental disorders, thus extending their intended use to cogni‑
tive assessment. Similarly, smart objects with toy or daily life shapes, especially when
equipped with visual and auditory feedback, may also serve educational purposes, such
as teaching daily activities, colours, or basic cognitive skills. More generally, objects de‑
veloped for assessment can be employed in treatment scenarios by providing feedback or
guiding users through exercises, while objects designed for rehabilitation may generate
data suitable for performance evaluation or for training machine learning models. This
multifunctionality highlights the versatility of smart objects, which can be adapted to dif‑
ferent contexts and application scenarios depending on how they are used. As a result,
smart objects should be considered flexible tools whose intended use can evolve over time
across clinical, educational, and research settings.

4.3. Experimental Session

The findings regarding experimental evaluation reveal a field in transition from de‑
velopment to actual implementation and evaluation with target users. Although most of
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the studies (67%) evaluated smart objects with target participants, they are still in an ex‑
ploratory phase, with a focus on verifying feasibility, usability, and technical functionality
before moving towards real‑world applications. This initial validation allows researchers
to identify the limitations and advantages of using smart objects in real‑world settings,
enabling them to improve these objects in terms of hardware, software, and design.

Although smart objects were conceived for use across the lifespan, from childhood
to older adulthood, research has predominantly focused on children and adolescents, re‑
sulting in limited exploration of adult populations, which should be more systematically
addressed in future studies. For example, future research could investigate the digitali‑
sation of tests using smart objects to stimulate cognitive and physical functions in adults
with neurodegenerative diseases, such as Parkinson’s disease or Alzheimer’s disease.

Furthermore, most of the articles reported only pilot studies involving a limited num‑
ber of participants. These pilot studies enable researchers to investigate the feasibility and
usability of the developed smart objects, which means that the results may not be suffi‑
cient to assess participants’ performance or draw robust statistical inferences. Moreover,
almost half of the smart objects included in this review were tested on healthy children or
adults, even when the devices were intended for patients with neurological or motor im‑
pairments. Consequently, this makes it difficult to compare data collected from smart ob‑
jects with results obtained from standardised tests, such as the MABC‑2 and the Wechsler
Adult Intelligence Scale (WAIS) [21,23,25]. Additionally, the lack of clinical trials limits the
ecological validity and practical relevance of these findings, and there is limited evidence
regarding the usability of these smart objects in real‑world contexts or their acceptance by
clinicians and patients. The use of highly structured experimental tasks may also make it
difficult to generalise the results to such settings. For example, some tasks did not reflect
real daily activities or natural behaviours, as in studies [1,54], where participants simulated
a tea‑making task, or in study [45] in which object was tested in a controlled environment.

4.4. Data Integration, Management, and Processing

Regarding software components, several reviewed studies identify the integration of ma‑
chine learning techniques as a key direction for future development [29,31,35,43,44,51,52]. In
contrast, other works applied machine learning models but trained them using data col‑
lected from non‑target populations, such as healthy adults, even when the intended ap‑
plication concerned children or patient groups [1,22,36,38,39]. This mismatch between
training data and target users may limit the generalisability and reliability of the result‑
ing models. More broadly, the integration of sensor‑derived data with interpretable AI
approaches could support the identification of relevant user‑specific patterns and enable
more personalised feedback or intervention strategies. Recent work in health management
has shown how interpretable machine learning models can translate individual data into
personalised intervention guidance [60]. However, these models need large amounts of
data and high computational power. For these reasons, smart objects still rely on offline
or cloud‑based data processing, which requires data transfer and limits the possibility of
real‑time feedback. In future developments, they could be integrated with neuromorphic
technologies [61,62] and/or edge sensors [63]. These two approaches may allow data to be
processed directly on the smart object, transmitting only high‑level features and enabling
real‑time feedback. Moreover, they could reduce power consumption and computational
costs, addressing the limitations of traditional data processing.

Another challenge concerns data visualisation, as therapists need to create a dedicated
tool that meets their specific requirements, identifies the most important information to
display, and assesses the overall usefulness of the collected data [40]. Finally, the smart
objects should be integrated within an environment that includes other devices to create
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a more robust and versatile ecosystem for user. Additionally, smart objects have to face
interoperability limitations. For example, Faraci et al. [49] were unable to simultaneously
connect all the nine sensor nodes, and Stephens‑Fripp et al.’s [30] design has yet to be
integrated with other sensors.

4.5. Limitations

We acknowledge that this scoping review has some limitations. First, the search strat‑
egy was designed to cover the multidisciplinary nature of smart objects by including Sco‑
pus, Web of Science, and PubMed. Nevertheless, relevant studies may have been missed
because the search was limited to these three databases, to publications written in English,
and to a predefined set of terms used to describe smart objects and related technologies.
This aspect is particularly relevant in this field, where similar systems may be described
using different terminology across engineering, healthcare, human–computer interaction,
and education. In addition, studies whose full text could not be retrieved were not in‑
cluded, which may have further reduced the coverage of the available literature.

5. Conclusions
This review provides a structured overview of smart objects that are conceived and

applied beyond traditional interaction paradigms. Specifically, it focuses on smart objects
developed for clinical and educational contexts, intended either as tools for the assessment
and treatment of cognitive and motor skills or as instruments for collecting data to sup‑
port the development of machine learning models. Through a systematic analysis of the
literature, this work examines the design characteristics of smart objects, classifying them
according to their physical form. In addition, the review analyses the embedded electronic
components and the parameters measured during human–object interaction, highlighting
the sensing and feedback elements adopted in their development, and these are adapted
to specific intended applications.

In conclusion, the research on smart objects for clinical and educational contexts re‑
veals a field in transition, showing a great potential for treatment, assessment, and educa‑
tion. However, although some studies have involved patients, they are still early proto‑
types, constrained by technological limitations and by the absence of robust validation in
real clinical or educational environments. Future research should aim to develop smart ob‑
jects as robust, adaptable, and intelligent tools capable of operating beyond controlled ex‑
perimental settings. Achieving this goal will require combining modular and user‑centred
design with reliable sensing, low‑power operation, and data‑processing strategies that can
support long‑term and natural interaction. At the same time, larger datasets collected di‑
rectly from representative target users will be essential to develop reliable and person‑
alised machine learning models and to adapt object behaviour, feedback, and activities
to individual needs. These technological developments should progress alongside the in‑
volvement of clinicians, therapists, and other relevant stakeholders to ensure usability, ac‑
ceptance, and meaningful interpretation of the collected data. Finally, the integration of
emerging technologies, such as smart materials and neuromorphic processing, could fur‑
ther enhance the adaptability of smart objects. Neuromorphic approaches could support
real‑time processing of interaction data, while smart materials could enable objects to dy‑
namically modify physical properties, such as shape or stiffness, thereby providing imme‑
diate and responsive feedback to the user. These advancements could support the creation
of adaptable user activities by enhancing user engagement and promoting sustained inter‑
action over time. In the future, these objects could also allow patients to perform activities
at home without the presence of a clinician that can monitor them at a distance.
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corresponding component is embedded in the object; Table S2: Characteristics of experimental vali‑
dation for prototypes and tested smart objects.

Author Contributions: Conceptualization, L.P., L.F. and F.C.; methodology, L.P., L.F.; formal analy‑
sis, L.P.; investigation, L.P., M.V.M., L.F.; data curation, L.P.; writing—original draft preparation,
L.P., L.F.; writing—review and editing, F.C., M.V.M.; visualization, L.P., L.F.; supervision, F.C.;
project administration, F.C.; funding acquisition, F.C. All authors have read and agreed to the pub‑
lished version of the manuscript.

Funding: This work was supported by the Italian Ministry of University and Research, under the
complementary actions to the NRRP “Fit4MedRob‑Fit for Medical Robotics” Grant (#PNC0000007).

Institutional Review Board Statement: Not applicable.

Informed Consent Statement: Not applicable.

Data Availability Statement: No new data were created or analysed in this study. Data sharing is
not applicable to this article.

Acknowledgments: During the preparation of this manuscript, the authors used ChatGPT via Ope‑
nAI (GPT‑5.5 Thinking) for proofreading purposes only. The authors have reviewed and edited all
AI‑assisted outputs and take full responsibility for the content of this publication.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Baber, C.; Al‑Tunaib, S.; Khattab, A. Creating Affording Situations with Animate Objects; Springer: Cham, Switzerland, 2019;

pp. 3–13. [CrossRef]
2. Lockman, J.J.; McHale, J.P. Object Manipulation in Infancy. In Action in Social Context; Springer: Boston, MA, USA, 1989;

pp. 129–167. [CrossRef]
3. García, M.A.G.; Ruiz, M.L.M.; Rivera, D.; Vadillo, L.; Duboy, M.A.V. A Smart Toy to Enhance the Decision‑Making Process at

Children’s Psychomotor Delay Screenings: A Pilot Study. J. Med. Internet Res. 2017, 19, e171. [CrossRef] [PubMed]
4. Walton, J. Handwriting changes due to aging and Parkinson’s syndrome. Forensic Sci. Int. 1997, 88, 197–214. [CrossRef]

[PubMed]
5. Planton, S.; Jucla, M.; Roux, F.‑E.; Démonet, J.‑F. The ‘handwriting brain’: A meta‑analysis of neuroimaging studies of motor

versus orthographic processes. Cortex 2013, 49, 2772–2787. [CrossRef] [PubMed]
6. Ozonoff, S.; Young, G.S.; Goldring, S.; Greiss‑Hess, L.; Herrera, A.M.; Steele, J.; Macari, S.; Hepburn, S.; Rogers, S.J. Gross motor

development, movement abnormalities, and early identification of autism. J. Autism Dev. Disord. 2008, 38, 644–656. [CrossRef]
[PubMed]

7. Kortuem, G.; Kawsar, F.; Sundramoorthy, V.; Fitton, D. Smart objects as building blocks for the Internet of things. IEEE Internet
Comput. 2010, 14, 44–51. [CrossRef]

8. MHernandez, E.P.; Reiff‑Marganiec, S. Classifying Smart Objects using capabilities. In 2014 International Conference on Smart
Computing; IEEE: New York, NY, USA, 2014; pp. 309–316. [CrossRef]

9. Molina, A.I.; Navarro, C.X.; Alarcón, O.; Redondo, M.A. Tangible User Interfaces in Computer Programming Learning: A Sys‑
tematic Literature Review. IEEE Access 2025, 13, 179538–179555. [CrossRef]

10. Bong, W.K.; Chen, W.; Bergland, A. Tangible User Interface for Social Interactions for the Elderly: A Review of Literature. Adv.
Hum.‑Comput. Interact. 2018, 2018, 249378. [CrossRef]

11. Krestanova, A.; Cerny, M.; Augustynek, M. Review: Development and Technical Design of Tangible User Interfaces in Wide‑
Field Areas of Application. Sensors 2021, 21, 4258. [CrossRef] [PubMed]

12. Komis, V.; Karachristos, C.; Mourta, D.; Sgoura, K.; Misirli, A.; Jaillet, A. Smart Toys in Early Childhood and Primary Education:
A Systematic Review of Technological and Educational Affordances. Appl. Sci. 2021, 11, 8653. [CrossRef]

13. de Albuquerque, A.P.; Kelner, J. Toy user interfaces: Systematic and industrial mapping. J. Syst. Archit. 2019, 97, 77–106.
[CrossRef]

14. Ishii, H.; Ullmer, B. Tangible bits. In Proceedings of the ACM SIGCHI Conference on Human Factors in Computing Systems; ACM:
New York, NY, USA, 1997; pp. 234–241. [CrossRef]

https://doi.org/10.3390/s26185812

https://www.mdpi.com/article/10.3390/s26185812/s1
https://www.mdpi.com/article/10.3390/s26185812/s1
https://doi.org/10.1007/978-3-030-22419-6_1
https://doi.org/10.1007/978-1-4757-9000-9_5
https://doi.org/10.2196/jmir.7533
https://www.ncbi.nlm.nih.gov/pubmed/28526666
https://doi.org/10.1016/S0379-0738(97)00105-9
https://www.ncbi.nlm.nih.gov/pubmed/9291592
https://doi.org/10.1016/j.cortex.2013.05.011
https://www.ncbi.nlm.nih.gov/pubmed/23831432
https://doi.org/10.1007/s10803-007-0430-0
https://www.ncbi.nlm.nih.gov/pubmed/17805956
https://doi.org/10.1109/MIC.2009.143
https://doi.org/10.1109/SMARTCOMP.2014.7043873
https://doi.org/10.1109/ACCESS.2025.3621839
https://doi.org/10.1155/2018/7249378
https://doi.org/10.3390/s21134258
https://www.ncbi.nlm.nih.gov/pubmed/34206398
https://doi.org/10.3390/app11188653
https://doi.org/10.1016/j.sysarc.2018.12.001
https://doi.org/10.1145/258549.258715
https://doi.org/10.3390/s26185812


Sensors 2026, 26, 5812 23 of 25

15. Krumina, K.; Krumina, U.; Mikelsone, A.; Araka, L.; Sprudza, K.L.; Ziemele, G.M.; Semjonova, G. Smart Device–Based Therapy
on Hand Motor Function Improvement in Stroke Survivors During Rehabilitation: Scoping Review. JMIRRehabil. Assist. Technol.
2025, 12, e73533. [CrossRef] [PubMed]

16. Deng, W.; O’Brien, M.K.; Andersen, R.A.; Rai, R.; Jones, E.; Jayaraman, A. A systematic review of portable technologies for the
early assessment of motor development in infants. npj Digit. Med. 2025, 8, 63. [CrossRef] [PubMed]

17. Tsipianitis, D.; Misirli, A.; Lavidas, K.; Komis, V. IoT Devices and Their Impact on Learning: A Systematic Review of Technolog‑
ical and Educational Affordances. IoT 2025, 6, 45. [CrossRef]

18. Hong, H.; Dai, L.; Zheng, X. Advances in Wearable Sensors for Learning Analytics: Trends, Challenges, and Prospects. Sensors
2025, 25, 2714. [CrossRef] [PubMed]

19. Tricco, A.C.; Lillie, E.; Zarin, W.; O’Brien, K.K.; Colquhoun, H.; Levac, D.; Moher, D.; Peters, M.D.J.; Horsley, T.; Weeks, L.;
et al. PRISMA Extension for Scoping Reviews (PRISMA‑ScR): Checklist and Explanation. Ann. Intern. Med. 2018, 169, 467–473.
[CrossRef] [PubMed]

20. Crovari, P.; Gianotti, M.; Riccardi, F.; Garzotto, F. Designing a smart toy. In Proceedings of the 13th Biannual Conference of the Italian
SIGCHI Chapter: Designing the Next Interaction; ACM: New York, NY, USA, 2019; pp. 1–10. [CrossRef]

21. Lee, K.; Jeong, D.; Schindler, R.C.; Short, E.J. SIG‑Blocks: Tangible game technology for automated cognitive assessment. Comput.
Hum. Behav. 2016, 65, 163–175. [CrossRef]

22. Westeyn, T.L.; Abowd, G.D.; Starner, T.E.; Johnson, J.M.; Presti, P.W.; Weaver, K.A. Monitoring children’s developmental
progress using augmented toys and activity recognition. Pers. Ubiquitous Comput. 2012, 16, 169–191. [CrossRef]

23. Mironcika, S.; de Schipper, A.; Brons, A.; Toussaint, H.; Kröse, B.; Schouten, B. Smart Toys Design Opportunities for Measuring
Children’s Fine Motor Skills Development. InProceedings of the Twelfth International Conference on Tangible, Embedded, and Embodied
Interaction; ACM: New York, NY, USA, 2018; pp. 349–356. [CrossRef]

24. Lunardini, F.; Di Febbo, D.; Malavolti, M.; Cid, M.; Serra, M.; Piccini, L.; Pedrocchi, A.L.G.; Borghese, N.A.; Ferrante, S. A Smart
Ink Pen for the Ecological Assessment of Age‑Related Changes in Writing and Tremor Features. IEEE Trans. Instrum. Meas.
2021, 70, 1–13. [CrossRef]

25. Brons, A.; de Schipper, A.; Mironcika, S.; Toussaint, H.; Schouten, B.; Bakkes, S.; Kröse, B. Assessing Children’s Fine Motor Skills
with Sensor‑Augmented Toys: Machine Learning Approach. J. Med. Internet Res. 2021, 23, e24237. [CrossRef] [PubMed]

26. Vonach, E.; Ternek, M.; Gerstweiler, G.; Kaufmann, H. Design of a Health Monitoring Toy for Children. In Proceedings of the 15th
International Conference on Interaction Design and Children; ACM: New York, NY, USA, 2016; pp. 58–67. [CrossRef]

27. Leo, F.; Sandini, G.; Sciutti, A. Mental Rotation Skill Shapes Haptic Exploration Strategies. IEEE Trans. Haptics 2022, 15, 339–350.
[CrossRef] [PubMed]

28. Biswas, S.; Bhuyan, A.K.; Dutta, H.; Das, S.; Parks, A.N.; McKee, K.; Doyle, D.R.; Uttal, D.H. Inferring Spatial Reasoning by
Observing Human Interactions with Smart IoT Objects. In IEEE Internet of Things Magazine; IEEE: New York, NY, USA, 2026;
pp. 1–8. [CrossRef]

29. Karime, A.; Rahman, A.S.M.M.; Al Osman, H.; Gueaieb, W.; El Saddik, A. E‑dumbbell: An electronic dumbbell with haptic
feedback for wrist rehabilitation. In 2011 IEEE International Conference on Virtual Environments, Human‑Computer Interfaces and
Measurement Systems Proceedings; IEEE: New York, NY, USA, 2011; pp. 1–4. [CrossRef]

30. Stephens‑Fripp, B.; Wallace, E.; Searle, T.; Alici, G. Design of a Sensorised Object to Test Sensory Feedback for Prosthetic
Hands. In 2019 IEEE/ASME International Conference on Advanced Intelligent Mechatronics (AIM); IEEE: New York, NY, USA, 2019;
pp. 157–162. [CrossRef]

31. Bobin, M.; Bimbard, F.; Boukallel, M.; Anastassova, M.; Ammi, M. SpECTRUM: Smart ECosystem for sTRoke patient׳s Upper
limbs Monitoring. Smart Health 2019, 13, 100066. [CrossRef]

32. Chubinidze, D.; Li, Z.; Slovak, P.; Baudinet, J.; Dufour, E.; Tchanturia, K. Introducing a Smart Toy in Eating Disorder Treatment:
A Pilot Study. Nutrients 2024, 16, 467. [CrossRef] [PubMed]

33. Mohandas, G.; V, S.S.; Padmakumar, K.; S, T. Development of an Adaptive Smart Toy with Emotional Feedback. In 2025 3rd
International Conference on Intelligent Data Communication Technologies and Internet of Things (IDCIoT); IEEE: New York, NY, USA,
2025; pp. 1568–1574. [CrossRef]

34. Solorzano Alcivar, N.I.; Park Kim, D.H.; Canizares Pozo, J.E.; Arce Sierra, M.X.; Rubio Zurita, A.P. Evaluation of an Intelligent
Educational Toy‑Game Prototype for Toddlers’ Motor Stimulation and Learning; Springer: Cham, Switzerland, 2025; pp. 345–363.
[CrossRef]

35. Vondrak, J.; Kasik, V.; Grepl, J.; Kuboskova, T.; Augustynek, M.; Kubicek, J.; Benešová, T.; Nilius, P. Enhancing neurocognitive
rehabilitation with smart cubes: Design, technology, and programmable games. Results Eng. 2025, 27, 106069. [CrossRef]

36. Rodić, L.D.; Stančić, I.; Čoko, D.; Perković, T.; Granić, A. Towards a Machine Learning Smart Toy Design for Early Childhood
Geometry Education: Usability and Performance. Electronics 2023, 12, 1951. [CrossRef]

https://doi.org/10.3390/s26185812

https://doi.org/10.2196/73533
https://www.ncbi.nlm.nih.gov/pubmed/41190480
https://doi.org/10.1038/s41746-025-01450-3
https://www.ncbi.nlm.nih.gov/pubmed/39870826
https://doi.org/10.3390/iot6030045
https://doi.org/10.3390/s25092714
https://www.ncbi.nlm.nih.gov/pubmed/40363153
https://doi.org/10.7326/M18-0850
https://www.ncbi.nlm.nih.gov/pubmed/30178033
https://doi.org/10.1145/3351995.3352041
https://doi.org/10.1016/j.chb.2016.08.023
https://doi.org/10.1007/s00779-011-0386-0
https://doi.org/10.1145/3173225.3173256
https://doi.org/10.1109/TIM.2020.3045838
https://doi.org/10.2196/24237
https://www.ncbi.nlm.nih.gov/pubmed/33885371
https://doi.org/10.1145/2930674.2930694
https://doi.org/10.1109/TOH.2022.3162321
https://www.ncbi.nlm.nih.gov/pubmed/35344495
https://doi.org/10.1109/MIOT.2026.3675877
https://doi.org/10.1109/VECIMS.2011.6053839
https://doi.org/10.1109/AIM.2019.8868801
https://doi.org/10.1016/j.smhl.2019.01.001
https://doi.org/10.3390/nu16040467
https://www.ncbi.nlm.nih.gov/pubmed/38398792
https://doi.org/10.1109/IDCIOT64235.2025.10914995
https://doi.org/10.1007/978-3-031-75431-9_23
https://doi.org/10.1016/j.rineng.2025.106069
https://doi.org/10.3390/electronics12081951
https://doi.org/10.3390/s26185812


Sensors 2026, 26, 5812 24 of 25

37. Hettiarachchi, T.C.; Semasinghe, L.S.; de Silva, R.; Lokuliyana, S.; Gamage, N.; Ratnasuriya, M. A Tangible E‑Learning Solution
for Early Childhood Development. In 2022 13th International Conference on Computing Communication and Networking Technologies
(ICCCNT); IEEE: New York, NY, USA, 2022; pp. 1–7. [CrossRef]

38. Patel, P.; Pandya, H.; Ranganathan, R.; Lee, M.‑H. Automated Classification of Manual Exploratory Behaviors Using Sensorized
Objects and Machine Learning: A Preliminary Proof‑of‑Concept Study. J. Mot. Learn. Dev. 2024, 12, 386–411. [CrossRef]

39. Bartolomei, G.; Ozcan, B.; Granato, G.; Baldassarre, G.; Sperati, V. Echo: An AI‑based toy to encourage symbolic play in children
with Autism Spectrum Conditions. In Proceedings of the Nineteenth International Conference on Tangible, Embedded, and Embodied
Interaction; ACM: New York, NY, USA, 2025; pp. 1–6. [CrossRef]

40. Ammi, M.; Boukallel, M.; Anastassova, M.; Amroun, H.; Bobin, M. Study and Development of a Smart Cup for Monitoring Post‑
stroke Patients’ Activities at Home. In Challenges of the Internet of Things; Wiley: Hoboken, NJ, USA, 2018; pp. 53–76. [CrossRef]

41. Chandankhede, P.H.; Fatinge, P.M.; Vaidya, K.S. Development of Smart Cup for Monitoring Post Stroke Patients. In 2024 IEEE In‑
ternational Conference on Interdisciplinary Approaches in Technology and Management for Social Innovation (IATMSI); IEEE: New York,
NY, USA, 2024; pp. 1–6. [CrossRef]

42. Karime, A.; Rahman, A.S.M.M.; El Saddik, A.; Gueaieb, W. RehaBall: Rehabilitation of upper limbs with a sensory‑integrated
stress ball. In 2011 IEEE International Workshop on Haptic Audio Visual Environments and Games; IEEE: New York, NY, USA, 2011;
pp. 24–28. [CrossRef]

43. Meriggi, P.; Mandalà, M.; Brazzoli, E.; Piacente, T.; Mazzola, M.; Olivieri, I. From AAL to ambient assisted rehabilitation: A research
pilot protocol based on smart objects and biofeedback. J. Ambient Intell. Humaniz. Comput. 2021, 12, 4437–4448. [CrossRef]

44. Borghese, N.A.; Essenziale, J.; Mainetti, R.; Mancon, E.; Pagliaro, R.; Pajardi, G. Hand Rehabilitation and Telemonitoring through
Smart Toys. Sensors 2019, 19, 5517. [CrossRef] [PubMed]

45. Martim, P.; Frango, V.L.; Postolache, O.; Yang, Y. Smart Object for Physical Rehabilitation Assessment. In 2018 International
Conference and Exposition on Electrical And Power Engineering (EPE); IEEE: New York, NY, USA, 2018; pp. 678–682. [CrossRef]

46. Martinho, M.; Zhou, H.; Alici, G. A Soft and Smart Telehealth System: Hand Rehabilitation Device for Grasping Force Assess‑
ment of Post Stroke Patients. In 2024 IEEE International Conference on Advanced Intelligent Mechatronics (AIM); IEEE: New York,
NY, USA, 2024; pp. 1316–1321. [CrossRef]

47. Cisneros, T.V.P.; Schouten, B.; Salah, A.A.; Schoorl, K.; Nederhand, M.; Hepping, A.M.; Kröse, B.; Ludden, G. Design and
evaluation of a smart toy for home therapy for children with cerebral palsy. Interact. Comput. 2026, 1–22. [CrossRef]

48. Moraiti, A.; Abeele, V.V.; Vanroye, E.; Geurts, L. Empowering Occupational Therapists with a DIY‑toolkit for Smart Soft Objects.
In Proceedings of the Ninth International Conference on Tangible, Embedded, and Embodied Interaction; ACM: New York, NY, USA,
2015; pp. 387–394. [CrossRef]

49. Faraci, F.D.; Papandrea, M.; Puiatti, A.; Agustoni, S.; Giulivi, S.; DrApuzzo, V.; Giordano, S.; Righi, F.; Barberis, O.; Thommen, E.;
et al. AutoPlay: A smart toys‑kit for an objective analysis of children ludic behavior and development. In 2018 IEEE International
Symposium on Medical Measurements and Applications (MeMeA); IEEE: New York, NY, USA, 2018; pp. 1–6. [CrossRef]

50. Lanini, M.; Bondioli, M.; Narzisi, A.; Pelagatti, S.; Chessa, S. Sensorized Toys to Identify the Early ‘Red Flags’ of Autistic Spectrum
Disorders in Preschoolers; Springer: Cham, Switzerland, 2019; pp. 190–198. [CrossRef]

51. Udayagiri, R.; Yin, J.; Cai, X.; Townsend, W.; Trivedi, V.; Shende, R.; Sowande, O.F.; Prosser, L.A.; Pikul, J.H.; Johnson, M.J.
Towards an AI‑driven soft toy for automatically detecting and classifying infant‑toy interactions using optical force sensors.
Front. Robot. AI 2024, 11, 1325296. [CrossRef] [PubMed]

52. Ramesha, M.D.D.; Kavindi, M.; Somawansa, R.P.; Yadav, A.; Samarasinghe, P.; Wedasinghe, N.; Jayasinghearachchi, V. Chil‑
dren’s Behavior Analysis Through Smart Toys. In TENCON 2022‑2022 IEEE Region 10 Conference (TENCON); IEEE: New York,
NY, USA, 2022; pp. 1–6. [CrossRef]

53. Wang, X.; Ishikawa, M.; Takashima, K.; Adachi, T.; Sharlin, E.; Finn, P.; Kitamura, Y. Designing Action‑Characterizing Toy
Blocks for Behavior Assessments. In Extended Abstracts of the 2018 CHI Conference on Human Factors in Computing Systems; ACM:
New York, NY, USA, 2018; pp. 1–6. [CrossRef]

54. Baber, C.; Khattab, A.; Russell, M.; Hermsdörfer, J.; Wing, A. Creating Affording Situations: Coaching through Animate Objects.
Sensors 2017, 17, 2308. [CrossRef] [PubMed]

55. Peng, Y.; Jancovic, P.; Russell, M. Recognition of Actions and Subjects from Inertial and FSR Sensors Attached to Objects. In 2020
28th European Signal Processing Conference (EUSIPCO); IEEE: New York, NY, USA, 2021; pp. 2006–2010. [CrossRef]

56. Varesano, F.; Vernero, F. Introducing PALLA, a novel input device for leisure activities. In Proceedings of the 4th International
Conference on Fun and Games; ACM: New York, NY, USA, 2012; pp. 35–44. [CrossRef]

57. Cano, S.; Peñeñory, V.; Collazos, C.A.; Albiol‑Pérez, S. Designing Internet of Tangible Things for Children with Hearing Impair‑
ment. Information 2020, 11, 70. [CrossRef]

58. Beccaluva, E.; Riccardi, F.; Gianotti, M.; Barbieri, J.; Garzotto, F. VIC—A Tangible User Interface to train memory skills in children
with Intellectual Disability. Int. J. Child. Comput. Interact. 2022, 32, 100376. [CrossRef]

https://doi.org/10.3390/s26185812

https://doi.org/10.1109/ICCCNT54827.2022.9984281
https://doi.org/10.1123/jmld.2023-0045
https://doi.org/10.1145/3689050.3705987
https://doi.org/10.1002/9781119549765.ch3
https://doi.org/10.1109/IATMSI60426.2024.10502524
https://doi.org/10.1109/HAVE.2011.6088388
https://doi.org/10.1007/s12652-020-01744-2
https://doi.org/10.3390/s19245517
https://www.ncbi.nlm.nih.gov/pubmed/31847216
https://doi.org/10.1109/ICEPE.2018.8559647
https://doi.org/10.1109/AIM55361.2024.10637130
https://doi.org/10.1093/iwc/iwag013
https://doi.org/10.1145/2677199.2680598
https://doi.org/10.1109/MeMeA.2018.8438636
https://doi.org/10.1007/978-3-030-01746-0_22
https://doi.org/10.3389/frobt.2024.1325296
https://www.ncbi.nlm.nih.gov/pubmed/38533525
https://doi.org/10.1109/TENCON55691.2022.9978116
https://doi.org/10.1145/3170427.3188451
https://doi.org/10.3390/s17102308
https://www.ncbi.nlm.nih.gov/pubmed/29019939
https://doi.org/10.23919/Eusipco47968.2020.9287363
https://doi.org/10.1145/2367616.2367621
https://doi.org/10.3390/info11020070
https://doi.org/10.1016/j.ijcci.2021.100376
https://doi.org/10.3390/s26185812


Sensors 2026, 26, 5812 25 of 25

59. Jovanov, E.; Nallathimmareddygari, V.R.; Pryor, J.E. SmartStuff: A case study of a smart water bottle. In 2016 38th Annual Inter‑
national Conference of the IEEE Engineering in Medicine and Biology Society (EMBC); IEEE: New York, NY, USA, 2016; pp. 6307–6310.
[CrossRef] [PubMed]

60. Du, J.; Zhu, L.; Min, X.; Chang, X.; Qi, W.; Wei, T.; Wei, S.; Zhang, X.; Huang, J.; Tao, X.; et al. A study on promoting AI learning
and usage behaviors among health management students from the perspective of the ‘knowledge‑belief‑action’ model. Front.
Public Health 2026, 14, 1747362. [CrossRef] [PubMed]

61. Kim, Y.; Lee, C.W.; Jang, H.W. Neuromorphic Hardware for Artificial Sensory Systems: A Review. J. Electron. Mater. 2025, 54,
3609–3650. [CrossRef]

62. Christensen, D.V.; Dittmann, R.; Linares‑Barranco, B.; Sebastian, A.; Le Gallo, M.; Redaelli, A.; Slesazeck, S.; Mikolajick, T.; Spiga,
S.; Menzel, S.; et al. 2022 roadmap on neuromorphic computing and engineering. Neuromorphic Comput. Eng. 2022, 2, 022501.
[CrossRef]

63. Stefanou, E.E.; Bitilis, P.; Bouchouras, G.; Kotis, K. Collecting, Integrating and Processing IoT Sensor Data on Edge Devices for
PD Monitoring: A Scoping Review. Appl. Sci. 2025, 15, 10541. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au‑
thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/s26185812

https://doi.org/10.1109/EMBC.2016.7592170
https://www.ncbi.nlm.nih.gov/pubmed/28269691
https://doi.org/10.3389/fpubh.2026.1747362
https://www.ncbi.nlm.nih.gov/pubmed/42100510
https://doi.org/10.1007/s11664-025-11778-x
https://doi.org/10.1088/2634-4386/ac4a83
https://doi.org/10.3390/app151910541
https://doi.org/10.3390/s26185812

	Introduction 
	Materials and Methods 
	Protocol 
	Search Strategy 
	Selection Criteria 

	Results 
	Overview 
	Intended Use of Smart Objects 
	Smart Objects for Assessments 
	Smart Objects for Treatment Purposes 
	Smart Objects for Educational Purposes 
	Smart Objects for Training AI Models 
	Domain Applications 

	The Shape of the Smart Object 
	Electronic Components 
	Measured Parameters 
	Experimental Evaluation and Target-Population Involvement 
	Smart Objects Used with Children 
	Smart Objects Used with Young Adults 
	Smart Objects Tested with Adults 
	Smart Objects Used with Multiple Age Groups 


	Discussion 
	Design and Hardware Selection 
	Intended Use 
	Experimental Session 
	Data Integration, Management, and Processing 
	Limitations 

	Conclusions 
	References

