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Abstract

Automatic gesture and movement recognition techniques are mainly used with adults
for various purposes in public, clinical, and laboratory settings. Growing interest in this
field has led to the increasing application of these methods in child behavioural analysis to
serve different societal and educational functions. However, manual human annotation
of behaviours remains the predominant method, and only a limited number of studies
have explored the use of automatic recognition for children. This review aims to evaluate
the rapidly developing techniques of automatic gesture and movement recognition that
focus on child behaviour analysis across different settings and for different purposes. More
specifically, it analyzes their purposes, target groups, settings, accuracy, and limitations,
as well as the ethical issues and data privacy frameworks that should be considered in
child-centred Al Using a systematic review approach following the PRISMA guidelines,
this study examines research published between 2021 and 2025 in four databases: Web
of Science (WoS), Scopus, PubMed, and IEEE Xplore. From a total of 27 included studies,
the findings reveal that automatic gesture and movement recognition is being applied
across multiple fields, with consideration of children’s developmental needs. However, a
critical gap in technical reporting was identified: fewer than half of the included studies
(44%) provided accuracy metrics or clinical validity. Furthermore, evidence of robust
ethical safeguards remains limited. To support children’s well-being, future studies must
bridge the lab-to-field gap, prioritize natural research settings and enforce ethical and data
protection measures.

Keywords: gesture and movement; automatic recognition; systematic review; child be-
haviour analysis

1. Introduction

Children communicate through their bodies from a very early age, even before lan-
guage is fully developed. Pointing, imitation, and facial expressions reflect emotional,
cognitive, and social states [1,2]. Analyzing gestures and movements from childhood to
young adulthood is therefore essential for understanding developmental trajectories [3].
Technologies capable of automatically recognizing body gestures may contribute to im-
proved learning experiences, clinical psychology, health-related assessment, and ethically
responsible innovation for the early detection of children’s social, emotional, language,
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and motor capabilities [4-6]. Accordingly, the objective of this review is to identify which
technologies are being used, for what purposes, what results have been obtained, and what
barriers hinder their implementation.

Gesture and movement are related but distinct phenomena, including in anatomical,
functional, and computational terms. These differences create specific challenges for auto-
matic recognition systems: whereas movement primarily concerns physical displacement,
gestures require the interpretation of semiotic intent, making the standardization of ac-
curacy metrics—the direct measures used to evaluate a deep learning model’s precision
in detection and classification. Gestures are actions that convey semantic content and
pragmatic intent through semiotic signals, typically involving the hands and other parts of
the body [7]. According to Novack and Goldin-Meadow [8], gestures are hand movements
that accompany speech and play an essential role in human communication through joint
attention and embodied symbolism [9]. In addition, joint attention and social relation-
ships are among the factors that predict later linguistic outcomes through early gesture
use [10]. By making internal mental processes visible, gestures can reinforce or illustrate
verbal communication and function as cognitive tools that support concept acquisition and
problem solving [8,9]. They are an integral part of communication because they encode
spatial, temporal, and relational information and contribute to clearer and more efficient
messages [11]. From a technical perspective, the challenge lies in moving from recognizing
movement as kinematics to decoding gesture as semiotic action.

Gestures may take the form of either small or large actions. Although they often
accompany speech [12], they may also occur independently or in combination with other
systems such as sign language, which is particularly relevant for people with hearing im-
pairments [13]. Studies linking the frequency of deictic gestures with progress in expressive
language show that gestures are fundamental to social interaction and early communica-
tive development. For example, Samanta et al. [14] developed an automatic system to
identify prelinguistic gestures in child—caregiver interaction videos and found significant
correlations with manual evaluations of children’s gestural behaviour.

Movement, unlike gesture, introduces the dimension of physical displacement,
whether in relation to fine motor skills, such as writing and object manipulation, or gross
motor skills, such as jumping and running [15]. In physics, movement is understood as
a change in the position of a body in space over time. As Passmore et al. [16] show, the
automated analysis of movement can support the assessment of motor development and
the detection of non-typical developmental patterns. In their study, videos recorded by
caregivers were used to train a deep learning model that identified non-typical infant
movements with 94% accuracy.

Movement typically involves complete kinetic chains in which the limbs, trunk, and
head participate, whereas gestures are more often produced in smaller body regions, such
as the hands (74%) or the face (22%) [17,18]. From a neurophysiological perspective, move-
ment is regulated by structures such as the basal ganglia and cerebellum, whereas gestures
associated with linguistic planning are linked to activation in the left hemisphere, particu-
larly Broca’s area [19]. Natural biological movements, such as defensive or flight responses,
are broadly recognizable across cultures, while symbolic gestures for purposes such as
greeting or insulting vary in both form and meaning from one culture to another [19,20].
Thus, phylogenetically rooted movements tend to be more universal, whereas gestures are
strongly shaped by sociocultural conventions [21].

To distinguish movement from gesture, it is important to consider neural and phys-
iological foundations, communicative intention, and sociocultural dimensions. From a
biomechanical perspective, movement involves bodily action governed by both innate and
learned motor patterns that emerge through the interaction between the nervous system
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and the environment. In infancy, movement becomes meaningful when the child actively
reproduces actions to relate to the physical and social world. Motor development and the
acquisition of movement skills therefore depend not only on internal processes but also on
participation in social contexts in which these movements are used [22].

By contrast, gesture is a semiotic act produced through specific movements and
oriented toward conveying meaning; it is also culturally codified [23,24]. Gestures can
serve as markers of self-identity and contribute to social cohesion. In teaching contexts, for
example, gestures support spoken language and strengthen conceptual communication;
one study suggests that 68% of teaching interactions in schools involve gestures as support
for verbal explanation [23]. In contrast, general movements do not carry semantic meaning
unless they are interpreted within a specific context. This communicative power stems
from the symbolic, rapid, and economical nature of gesture: for instance, a thumbs-up is
quickly understood as a sign of approval.

In some cases, gesture and movement coexist. Applause, for example, functions as a
gesture of approval [23] while also requiring precise motor coordination, including rhyth-
mic timing adjusted through auditory feedback. In this case, gesture as group intention
guides physical execution as movement. This interaction operates at a neurosocial level and
helps explain why spectators can synchronize clapping rapidly without prior training [23].

In children, gesture and movement are central to the development of symbolic and
linguistic capacities through participation in joint attention with surrounding adults [2].
By around one year of age, children begin to produce different types of gestures to com-
municate specific motives, such as prompting adults to act in relation to an object or event
(imperative motive) or sharing attention with them (declarative motive) [25]. From approx-
imately 3 to 6 years of age, these abilities expand in complexity, as suggested by Nacher
etal. [26]. Later, from 6 to 12 years of age, motor patterns tend to become more refined, with
improvements in coordination and social skills. In this context, Lei et al. [27] developed
and validated a method to assess motor coordination in children and found that automated
systems could quantitatively assess gross motor skills and development in both educational
and clinical settings.

The consolidation of basic motor skills and the acquisition of increasingly complex
cognitive, social, and language competencies occur throughout childhood [28]. For this
reason, the present review is primarily concerned with child-centred studies, with relevance
to the preschool and primary-school years, while also capturing a broader developmen-
tal range represented in the included literature. This stage is especially important for
cognitive, social, emotional, and physical development. Behavioural observation and
analysis during childhood can help us understand the progression of gestural and motor
abilities and explore their value as indicators of developmental markers, motivation, and
potential difficulties.

Research on gestural expressiveness in children is increasing alongside new technolog-
ical opportunities to detect, analyze, and transcribe gestures, behaviours, and reactions [29].
Recent studies have shown that prelinguistic gestures, such as intentional hand move-
ments and pointing, are essential to children’s communicative development. According
to Samanta et al. [14], the emergence of these gestures predicts both linguistic ability and
its development over time. Previous research has also suggested that adults’ vocabulary
size may be associated with the gestures they produced in infancy. This helps explain the
current interest in analyzing gestures as early indicators of communicative development.

Tools capable of analyzing children’s movements and gestures for educational, clini-
cal, and health-related purposes constitute an important and rapidly developing line of
research [14]. Automatic recognition offers a way to overcome the limitations of man-
ual observation, which is resource-intensive, costly, and difficult to scale. It can provide
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non-invasive and more precise information about children’s movements, gestures, modes
of action, and learning processes [1]. However, although technical accuracy can be high
in controlled settings, the ecological validity of these systems in the complex settings of
children’s natural environments remains underexplored.

Automatic gesture recognition is a complex computational process through which
computer systems autonomously identify, classify, and interpret specific patterns, such as
images or sounds, in digital data by means of learning algorithms and mathematical models
that transform complex signals into simpler and more meaningful representations [30].
For example, systems used to recognize physical activity in schools often combine ac-
celerometers with machine learning. Ahmadi and Trost [31] show that these systems can
achieve more than 80% accuracy, suggesting that wearable devices can provide reliable
and objective monitoring adapted to daily activities for educational and health purposes.
Similarly, Cao et al. [32] demonstrated that tools such as OpenPose are reliable for the
automatic transcription of children’s gestures, thereby expanding possibilities for research
and intervention in real-world contexts.

It is also important that these technologies adapt to the changing cognitive and motor
demands associated with different developmental stages. Studies by Anzulewicz et al. [33]
and Javed et al. [34], both reporting accuracies above 90%, show that automated systems can
distinguish between typically developing children and children with autism by analyzing
gesture-related patterns on tablets.

1.1. State of the Art: Clinical and Educational Applications

Most existing studies have focused on analyzing movement in clinical settings, partic-
ularly for the rehabilitation or assessment of patients with specific conditions. For example,
Groos et al. [35] showed that an algorithm trained on smartphone videos could identify
atypical infant movements with an assessment accuracy comparable to that of experts,
suggesting its potential value for population screening programmes. By contrast, research
in educational contexts remains limited. Nevertheless, automatic recognition in classrooms,
play environments, or homes offers considerable potential, for example, for detecting
patterns of social interaction or personalizing educational activities [35].

New and promising applications are continuing to emerge. For example, Samanta
etal. [14] developed a system based on convolutional neural networks to analyze gestures in
videos of child—caregiver interactions, thereby facilitating large-scale studies of communica-
tive development. In addition, studies such as Liu et al. [36] show how movement-related
data can be used to examine children’s engagement and physical activity in applied settings.
These findings suggest that approaches tailored to educational environments could support
more objective analyses of children’s motor development and generate useful feedback for
professionals, caregivers, and intelligent systems designed to recognize gestural patterns
and make predictions from these data.

1.2. Knowledge Gaps and Technical Challenges

The recent literature shows that, despite important advances, significant gaps remain.
Previous systematic studies on automatic gesture analysis only focus on hand gestures, and
not specifically those of children [37,38]. Performance differences across age groups suggest
the need for adaptive models, as algorithmic accuracy may vary with development [39].
In addition, most systems have been validated using small and relatively homogeneous
samples, which limits their generalizability. Many studies also rely on a single source of
analysis, providing limited evidence for performance in uncontrolled environments. By
contrast, Nacher et al. [26] used a combination of devices, tactile sensors, and cameras to
analyze gestures in preschool children.
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1.3. Ethical Considerations and Future Perspectives

The integration of emerging technologies into educational and everyday contexts
requires particularly careful attention to ethical issues, especially in relation to data privacy
and informed consent. In this regard, Crescenzi-Lanna and Grané Oro [40] highlight
the risks associated with the use of cameras in school settings without clear and robust
protocols, as well as the urgent need to establish strict guidelines and ethical procedures to
safeguard children’s rights.

Gesture recognition can deepen understanding of how children express themselves
and learn while also supporting the study of early communication skills and their potential
educational applications [14]. This systematic review aims to map recent research in
this area, with particular attention to non-clinical contexts, such as formal education and
informal learning. Specifically, it examines the current approaches used for the automatic
recognition of children’s gestures and movements, the main domains of application in
child behavioural analysis, and the principal technical barriers and ethical considerations
associated with the implementation of these technologies. Therefore, from both an ethical
and technical standpoint, Al systems designed for children should be developed within
robust privacy and security frameworks to protect sensitive data [41].

Although the included studies focus on different behavioural signals (for example,
whole-body movement, hand gestures, eye movements, or facial expressions), we con-
sider them together because they all rely on automatic detection of children’s observ-
able behaviour. From a child-centred perspective, these modalities offer complemen-
tary information about motor, attentional, emotional, and social processes, so we treat
them as converging approaches within the broader framework of automatic gesture and
movement recognition.

The associated research questions (RQs) are as follows:

RQ1. What are the specific target groups (la), purposes (1b), and settings (1c) of
automatic gesture and movement recognition in research involving children?

RQ2. What performance results, including accuracy (2a), have been reported, and
what limitations (2b) characterize the methods used to automatically recognize children’s
gestures or movements?

RQ3. What ethical aspects have been considered in the use of automatic gesture and
movement recognition with children?

2. Materials and Methods

This systematic review follows the PRISMA framework (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) [38] (see Figure 1) and draws on four databases:
Web of Science (WoS), Scopus, PubMed, and IEEE Xplore. The search covered a five-year
publication period, from 2021 to 2025. These databases were selected to reflect both the
interdisciplinary scope of the topic (WoS and Scopus) and its domain-specific relevance
to health and technology (PubMed and IEEE Xplore). The publication period was chosen
to capture the rapid development of gesture and movement recognition techniques in
recent research.

2.1. Search Strategy

The search strategy generated different sets of keyword strings (see Table 1). The
Boolean operators “OR”, “AND”, and “NOT” were used to combine terms. The search was
limited to studies published in English and was designed to cover the 2021-2025 period.
Study selection was conducted in two phases. First, the titles and abstracts of all identified
records were screened for relevance. Second, the full texts of potentially eligible studies
were assessed according to the inclusion and exclusion criteria (see Table 2). To minimize
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selection bias and ensure methodological rigour, both phases were performed indepen-
dently by two researchers. Any disagreements regarding study eligibility were resolved
through discussion and consensus or, when necessary, by consulting a third reviewer. The
final set of keyword strings is presented in Table 1. The table below summarizes the search
strings used in “All Fields” for Web of Science and in “All” for Scopus, PubMed, and IEEE
Xplore. Three stages of keyword refinement were carried out across all databases. This
process led to the final inclusion of 25 studies for qualitative synthesis. Although the review
was designed around the 2021-2025 search window, a small number of included studies
fall just outside this range because they remained relevant to the final screened corpus and
were retained for consistency with the database retrieval and eligibility process.

Identification of studies via databases and registers

)
Records identified from Web of Sdi-
ence (n =60) Records removed before screening:
Records identified from Scopus
.§ n =119) Duplicate records and non-English re-
g -
fﬁ Records identified from PubMed — moved (n=24)
&
,§ (n =106)
Records identified from IEEE Xplore
(n=70)
—
A
)
Records screened based on title and Records excluded (n =254)
abstract (n = 331) —>
0
5 v
@
v
17}
2 Reports sought for retrieval
(0 =77) —» [ Reportsnot retrieved (n=9)
n=
—
M
Reports assessed for eligibility Reports excluded:
(n=68) —>
Reason 1: It did not fit the child-fo-
o
§ cused scope of the review (EC1) (n =
2 20)
Reason 2: The study relied only on
Srdiesindiided in Feew manual annotation techniques (EC2)
0=25) (n=21)
—

Figure 1. The PRISMA selection process with details of the samples.
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Table 1. Databases, search strategy, and search strings.

Database Word Strings

(ALL = (“child* movement”) OR ALL = (“child* gesture”) AND

ALL = (“automatic detection”) OR ALL = (“automatic recognition”) AND
ALL = (“behaviour analysis”) NOT ALL = (marine) NOT ALL =
(environment) NOT ALL = (medical) NOT ALL = (chronic OR traumatic)
NOT ALL = (nature) NOT ALL = (sleep)) AND (PY == (“2025” OR “2024”
OR “2023” OR “2022” OR “2021”) AND DT == (“ARTICLE"))

ALL (child* AND gesture) OR (child* AND movement) AND (“automatic
detection”) OR (“automatic recognition”) AND (behaviour AND analysis)
AND NOT (marine) AND NOT (environment) AND NOT (medical) AND
NOT (chronic OR traumatic) AND NOT (nature) AND NOT (sleep)
PUBYEAR > 2020 AND PUBYEAR < 2025 AND PUBYEAR > 2020 AND
PUBYEAR < 2025 AND PUBYEAR > 2020 AND PUBYEAR < 2025 AND
PUBYEAR > 2019 AND PUBYEAR < 2026 AND PUBYEAR > 2019 AND
PUBYEAR < 2026 AND (LIMIT-TO (DOCTYPE,”ar”))

(“child” OR “children”) AND (“movement” OR “gesture”) AND
(“automatic detection” OR “recognition” OR “tracking”) AND (“pediatrics”
OR “early childhood”) AND (“2021”[PDAT] OR “2022”[PDAT] OR
“2023”[PDAT] OR “2024”[PDAT] OR “2024”[PDAT])

(“child” OR “children) AND (“movement” OR “gesture”) AND (“automatic
detection” OR “recognition OR “tracking”) AND (“pediatrics” OR “early
childhood”) AND (2021 OR 2022 OR 2023 OR 2024 OR 2025)

Web of
Science
(WoS)

Scopus

PubMed

IEEE
Xplore

The inclusion criteria (IC) and exclusion criteria (EC) for the study are listed in Table 2.

Table 2. Inclusion and exclusion criteria.

Inclusion Criteria Exclusion Criteria

1. The study and/or dataset includes 1. The study does not include children,
children or child-relevant child-focused datasets, or
developmental stages. child-relevant developmental stages.

2. The study uses automatic recognition 2. The study uses manual annotations
or detection technique/s of gesture or only.
movement. 3. The form of publication is not an

3. The form of publication is a scientific article (e.g., conference proceedings,
article. abstract, or book chapter).

4. Itis written in English. 4. Itis not written in English.

2.2. Selection Process

The general steps for identifying, selecting, and including studies are summarized
in Figure 1, which presents the PRISMA flowchart for this review. In the identification
stage, a total of 355 studies were retrieved from the selected databases. Before the screening
stage, 24 records were excluded because they were duplicates or publications other than
scientific articles. During screening, titles and abstracts were examined to assess their
relevance to the review. Of the remaining 331 studies, 254 were excluded because they
did not meet the inclusion criteria. Full-text versions of the remaining records were
then retrieved and assessed in detail. A further 43 studies were excluded for three main
reasons: they did not fit the child-focused scope of the review (EC1), the study relied
only on manual annotation techniques (EC2), and/or the study was published outside
of the search period (2021-2025) (EC5). Finally, 25 studies were selected for in-depth
analysis. Each stage of the assessment was supervised and validated by an expert in child
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psychology and child—computer interaction to ensure the quality of the studies included in
the final analysis.

2.3. Risk-of-Bias Assessment

Quality appraisal was completed by two researchers and validated by an expert in
child psychology. The first and second researchers conducted cross-checked screening of
77 studies before the eligibility assessment for full-text retrieval. All researchers reviewed
the 25 included studies in strict accordance with the PRISMA guidelines and applied the
inclusion and exclusion criteria. Although no specific inter-rater reliability statistic was
calculated, any relevant disagreements were resolved through a transparent and systematic
process based on discussion and consensus.

2.4. Data Extraction and Analysis

A standardized data extraction form was developed to ensure consistency across the
included studies. The extracted variables were organized to address the research questions
(RQs) directly.

To address RQ1, we extracted data on the target group (age range and population
type), the purpose of the recognition system (e.g., social, educational, or clinical), and the
physical setting in which the study was conducted (laboratory or naturalistic).

To address RQ2, we extracted performance results, specifically the reported accuracy
of the models and other indicators of success (RQ2a), together with the technical and
environmental limitations identified by the authors (RQ2b).

To address RQ3, we documented the presence or absence of ethical considerations,
including informed consent, data privacy, and ethics committee approval. All details from
the included studies were recorded in an Excel spreadsheet. The review involved a three-
stage data extraction process to ensure the quality of the final selection: (1) all researchers
contributed to developing the search strings, which were validated by two external experts
in the field; (2) two researchers worked closely on the preliminary selection during the
identification stage; and (3) an expert in child psychology supervised and validated the
screening process before final selection. The recorded information covered descriptive
characteristics of each study, sample and sampling information, data analysis techniques,
and the specific gesture and movement variables examined.

Table 3 presents a descriptive summary of the included studies, detailing their citations,
participant demographics—specifically sample size, age, and geographic location—the
data types collected, the targeted gestures or movements, and the data analysis techniques
or tools employed.

Table 3. Descriptive information of included entries.

Sample Size, Age and

Study Location(s) Data Type Gesture and/or Movement Data Analysis Technique(s) or Tool(s)
86 families Video recordin
5 to 10 years old 5 Spontaneous infant Automated body-tracking software
[42] and body-tracking .
Norway, Denmark, and data movements and In-Motion-App
Belgium
10 children
[43] 2 to 5 years old Video recordin Head movement and head  Sensor Fusion Algorithm (SFA) and
Sweden, Iraq, and & control tracking Euler-based algorithm
Australia
3 to 5 years old . . . . - .
[44] Sri Lanka Video recording Motor skills detection Computer vision techniques
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Table 3. Cont.

Sample Size, Age and

Study Location(s) Data Type Gesture and/or Movement Data Analysis Technique(s) or Tool(s)
. Moderate-to-vigorous
405 children . ..
[15] 2.5 to 4 years old Secondarv dataset ﬁhﬂ:_llcr?tleic;ltv 1tyh(Ns[i\c/§1A)l Statistical analysis tools: R software
London (United Kingdom) y g1t yphy (v.4.1.3)
. activity (LPA), and
and Ontario (Canada) .
sedentary behaviour
80 children
18 to 59 months Video recordings Deictic, conventional, and Computerized Language Analysis
[45] & p guag y
Texas (United States of and baseline test iconic gestures software package
America/USA)
281 children . . Deictic, iconic, metaphoric, ~Gesture coding protocol measuring
L0 3 to S years old Video recordings symbolic, and beat gestures ~ frequency and type of gestures
Virginia (USA) g
141 mothers with their
children . . Physical activity, sedentary Statistical tool: SAS software
471 6 months to 2 years old Video recordings behaviour, and sleep (version 9.4)
Arkansas (USA)
100 children Eye tracking (The Observer XT
[48] 3.5 to 11 years old Video recordings Hand and facial gestures software) and MATLAB R2019b
M & &
Switzerland and Canada (MathWorks)
i?)?lsplscsi;izceaililndrr?egr?tiaorﬁe d Pose estimation algorithm and
[27] Presc%oolers y Video dataset Motor coordination key-points-based action quality
China assessment
216 children Behavioural tests Eye-movement patterns Machine learning, 5-fold
[49] 5 to 10 years old . Cq
China data and gaze tracking cross-validation
Spatial and Cramped synchronized Unsupervised machine learning
335 infants pressure data from  (CS) general S .
o (normalization, clustering) and
[50] 36 to 42 weeks old a sensor mat, as movements—abnormal . P .
. supervised classification modelling
USA well as video and spontaneous .
recordings whole-body movements (decision trees)
Sample size is not
specifically mentioned Eye-movement data - .
[51] 3 to 12 years old (gaze tracking) Eye movement and fixation =~ CNN and K-means clustering
Philippines
Sample size and age are
[52] not specifically mentioned ~ Video recordings Facial expression Statistical analysis
China
35 children . .
[53] 4.5 years old Video recordings Locomotor skills, ball skills, Data Timer® app
Michigan (USA) and engagement
Sample size and age are
[54] not specifically mentioned ~ Video recordings Body pose estimation Machine learning techniques
India
. Video recordings of
104 infants . . . .
[55] 317 months gaze behaviour and Head and eye movements  Tablets (iPad) with front-facing
Sweden manual coding of in response camera + KiiTS App
gaze
40 children Severe and extreme
[56] 10 to 14 years old Video recordings motions of head and chin Statistical analysis

Aarhus (Denmark)

movements
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Table 3. Cont.

Sample Size, Age and

Study Location(s) Data Type Gesture and/or Movement Data Analysis Technique(s) or Tool(s)

95 children
[57] 4 to 12 years old Video recordings Ambulatory data Statistical analysis

Texas (USA)

Sample size is not Measurements of latency (time to
(58] specifically mentioned Quantitative data Eve movements orient), fixation duration, and
. 24 months (tracking metrics) 4 secondary fixation location with eye

USA or Europe tracking

44 children Secondary dataset Body posture, touch and Computer vision and deep learning to
[59] 6 to 17 months (SEEDLings and hysical contact, and extract 3D human meshes

g phy

Stanford (USA) CMU) visibility engagement (HARMONI)

Seven children Matching-pair test usin
[60] 5 to 21 years old Video recordings g-patt. & Eye-gaze system

eye-gaze tracking

Japan

178 children, age is not Emotional gait (anger
[61] specified Video recordings . & get Statistical analysis

Osaka (Japan) happiness, and sadness)

164 children Quantitative Free body movements
[62] 2 to 7 years old movement and within the center region of  Noldus EthoVision XT Version 14

y g

Durham (United Kingdom)  clinical tests interest

28 children Video recordings Upright wallkmg (LW, - .
[63] 4 to 6 vears old and observational stoop walking (SW), & Statistical analysis and ErgoLab

) Chinay data knee and hand crawling software
(KHC)

330 children Quantitative data Eye-movement patterns Hidden Markov Modelling (HMM)

[64] 1 to 3 years old Nanjin, . classified as holistic and with Variational Bayesian Expectation
b g (tracking data) 24 P
China & analytic Maximization (EMHMM
y
3. Results

3.1. RQ1. What Are the Specific Target Group (1a), Purpose (1b), and Setting (1c) of Automatic
Gesture and Movement Recognition in Research with Children?

This review describes recent studies that use automatic gesture and movement recog-
nition for child behavioural analysis. The developmental characteristics of children differ
substantially from those of adults, which creates a need for techniques that are sensitive
to child-specific developmental markers. Children use gestures well before they begin
producing their first words, and their fine and gross motor skills present distinctive charac-
teristics that require tailored analytical approaches. The results are organized to examine
the relationships among specific target groups, research settings, and the emerging fields of
application, together with their broader societal implications.

(1a) The specific target group

The classification of target age groups (see Figure 2) follows children’s developmental
markers across the ranges of 0-3 (infants and toddlers), 3-6 (preschools), and 6-12 (primary)
(x-axis) and shows the frequency of each developmental group included in the review.
However, the 25 included studies show mixed age groups because each study defined its
age range differently. Organizing the studies in this way provides a more holistic overview
of target participants in relation to developmental stage and helps identify possible links
with the specific purposes and settings of the studies.
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Figure 2. Distribution of studies by age category [15,27,42-64].

(1b) The purposes of using automatic gesture and movement recognition

After classifying the target groups, this section synthesizes the specific purposes of
the studies that included children either as part of the dataset or as target participants
in experimental research. Table 4 groups the studies by field and by specific purpose of
gesture and motion recognition techniques. The findings reveal several key themes, which
can be summarized as follows:

Table 4. Emerging research fields and specific purposes for using gesture and movement recogni-
tion techniques.

Field Study Specific Purposes
[43] Measure head control and cervical range of motion (CROM) to evaluate accuracy and
reliability in children with cerebral palsy using an inertial measurement unit (IMU).
[48] Examine gesture imitation in children with ASD using eye tracking.
Support the auxiliary diagnosis of attention-deficit/hyperactivity disorder (ADHD)
[49] ; . . . . .
using eye tracking and machine learning based on visual attention patterns.
Clinical Assess attentive behaviour in children with ASD through a visual tracking model of eye
psychology  [51,54]
movement.
[53] Measure children’s engagement during mastery motivational climate motor skill
interventions.
Identify gestures in children with ASD using person pose estimation.
[63] Evaluate the physiological burden associated with children’s movements during fire
evacuation using wearable-based sensors.
[42] Validate the use of a mobile app for remote infant assessment using movement-pattern
detection.
Education - p - - - - —
and [44] Assess children’s motor skills using the Early Childhood Action Monitoring and
psychology Analytics System (ECAMS), a video-based motion analysis approach.
[15] Examine associations between children’s movement behaviour compositions, body

mass index, and physical and psychosocial functioning.
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Table 4. Cont.

Field Study Specific Purposes
Examine gesture rates in racially and ethnically diverse autistic children and their
[45]
parents.
[46] Explore preschool children’s gestures during pretend play with puppets and other
embodied conditions.
[47] Examine movement behaviours and their associations with the home environment in
Education early childhood.
and ” Measure children’s ambulatory activity and heart rate during unstructured play in an
psychology  [57] inclusive playground.
Explore associations between autistic children’s movement and location during free
[62] play and their social, communication, cognitive, adaptive, and language skills using
automated movement tracking.
[64] Explore the relationship between eye-movement patterns and children’s cognitive
ability.
[50,52] Detect abnormal general movements to help predict neuromotor disorders.
Explore facial-expression recognition for outpatient clinical contexts.
[56] Assess the frequency and characteristics of discomfort during cone beam CT
Healthcare examination simulation.
[65] Evaluate treatment-related performance in patients with spinal muscular atrophy using
an eye-tracking system.
[27] Assess the use of machine vision for preschoolers” motor coordination and the
improvement of objectivity and efficiency in assessment.
Research, [55] Validate remote gaze-following assessment in infant twins.
develop- [59] Develop a three-dimensional computer vision and audio-processing method for
ment, apd caregiver—child behaviour and interaction analysis.
innovation - ; - - : - : :
(RDI) (5] Investigate atypical face-scanning mechanisms in children with ASD (autism spectrum
disorder) using eye tracking.
[61] Develop ibuki, a mobile robot with gait-induced emotional upper-body motion.

As defined in the previous section, movement refers to physical displacement, whether
in terms of fine motor skills (e.g., writing and object manipulation) or gross motor skills
(e.g., jumping and running). Gestures are an integral part of communication because they
encode spatial, temporal, and relational information and contribute to clearer and more
efficient messages. The results show that five studies focus on movement, specifically eye
movements, movement patterns, movement behaviour, and ambulatory activity, while
only two studies focus on gestures.

Education and psychology are the predominant fields in the use of gesture and move-
ment recognition, and they address a wide range of questions related to children’s physical
activity and behaviour. The practical implications of studies in education and psychology
are mainly directed towards improving children’s well-being and learning experiences in
schools, homes, and public spaces.

The findings indicate that there is a need to bridge the laboratory-to-natural setting
gap since there are overlapping cases between educational and clinical settings, as both may
share similar social implications. In clinical psychology most studies focus on therapeutic
or diagnostic issues related to specific conditions, such as autism spectrum disorder (ASD),
attention-deficit/hyperactivity disorder (ADHD), and cerebral palsy. Although ASD and
ADHD are also common concerns in school-based interventions, the findings provide
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insights from different types of data, including both multimodal and single-source data.
Children’s behaviours can be measured through distinct approaches, such as whole-body
engagement or eye-movement tracking [33,39].

Classifying some studies under research, development, and innovation (RDI) is some-
what challenging, particularly when it is difficult to determine whether the focus is on
assessing behavioural change after an intervention or on training a specific model or tech-
nique to achieve a certain level of accuracy or technical advancement. For this reason,
the RDI category emerged to accommodate studies primarily concerned with advancing
automatic gesture and movement recognition techniques. Six studies focused mainly on
training with secondary data, such as video datasets, multimodal datasets, motion-tracking
data, and behavioural datasets.

Finally, the findings show that healthcare includes the smallest number of studies
using gesture or movement recognition with children. In this review, this category was
defined narrowly to include specific health problems that go beyond general clinical settings
and to highlight hospital-based treatment supported by innovative techniques.

(1c) The setting of the analyzed studies

Despite the predominance of studies in education and psychology (see Figure 3), a
clear misalignment remains between research aims and research settings. There is a gap
between laboratory and natural settings; research is rarely conducted in natural settings
such as schools or playgrounds. Instead, laboratories remain the dominant context for
data collection, even for educational research [33,39], which limits the ecological validity
of findings intended to inform on children’s real-world behaviour. This limitation is
particularly relevant for preschool-aged children, as their behaviour may be strongly
shaped by the conditions of a laboratory setting.

Research settings

10

Laboratory  Clinical setting Healthcare School or Home Playground
center childcare (outdoor)
center (indoor)

Figure 3. The diversification of research settings for automatic gesture and movement.

As discussed in Part 1b, the purposes of the studies were analyzed in relation to
their implications for children’s lives. From this standpoint, clinical studies show a clearer
alignment between research purpose and research setting, as they are typically conducted in
healthcare-related settings that correspond directly to their diagnostic or therapeutic aims.

The inclusion of home and playground settings further suggests that educationally
relevant topics extend beyond formal learning environments. For example, a study con-
ducted in inclusive outdoor community playgrounds found a strong positive correlation
between playground time, understood as unstructured play, and total steps, ambulatory
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time, and moderate-to-vigorous physical activity (MVPA). These findings were then used
to examine the physical, social, and psychosocial benefits associated with children’s play in
naturalistic environments [40].

Overall, the findings indicate that research settings are becoming more diverse,
but this diversification remains limited. Expanding automatic gesture and movement
recognition into natural settings such as homes, classrooms, and playgrounds is essen-
tial to provide more representative evidence of children’s everyday experiences and
developmental contexts.

3.2. RQ2. What Are the Accuracy (2a) and Limitations (2b) of the Methods Used to Automatically
Recognize Children’s Gestures or Movement?

Body expression and movement are fundamental to communication, socialization, and
the early detection of possible alterations in children’s neurodevelopment. Recent advances
in computer vision, machine learning, and gesture analysis have led to increasingly accurate
automatic methods for the recognition and quantification of gestures and movements in
early childhood.

However, the literature also shows substantial methodological heterogeneity and, at
the same time, a limited number of studies reporting accuracy metrics and clinical validity.
Although high performance is reported for specific tasks, such as 96% accuracy for attentive
behaviour through K-means clustering or 94% accuracy for atypical movement detection,
tracking precision appears to depend strongly on the anatomical focus of analysis. For
example, central body points such as the thorax (93%) appear to be tracked more reliably
than distal extremities such as the wrists (74.4%), which are more prone to displacement.

Machine learning performance also varies considerably by model; comparative results
suggest that Random Forest often outperforms convolutional neural networks and Support
Vector Classification. In addition, the findings point to a clear ecological validity gap:
systems that achieve over 84% consistency in controlled laboratory settings may decline
to around 64% when compared with manual annotations in more varied or naturalistic
contexts. Factors such as high child mobility and the need for continuous calibration can
therefore limit the applicability and reliability of these techniques outside the laboratory.

Only 44% of the included studies reported specific accuracy metrics or clinical validity
scores. Accuracy metrics are considered direct measurements of deep learning models
performance to precisely detect and classify gestures. As shown in Table 5, there is also
considerable variation in how researchers quantify the performance of automatic recog-
nition systems. This diversity reflects a broader challenge in the field: the difficulty of
establishing a universal ground truth for children’s spontaneous behaviours, especially
in natural environments. The results indicate that researchers assess technological per-
formance through three main methodological lenses: percentage-based, which quantify
the frequency of correct classifications, such as the 96% accuracy reported for attentive
behaviour analysis; statistical significance measures (p-values), which determine whether a
model’s performance particularly in gesture and gait analysis is significantly better than
chance, rather than providing a direct success rate; and reliability coefficients, such as
Cohen’s kappa, which measure the level of agreement between an automated system and
human expert coding. Considering that these approaches capture different dimensions of
performance, from raw computational precision to human-like interpretative consistency,
they are not directly comparable, which partly obscures the objective technical standing of
one system relative to another.
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Table 5. Accuracy (2a) and limitations (2b) of the methods used.

Study Method and Its Accuracy Percentage Limitations Identified by the Authors
Method: Automated body-tracking software, general movement
assessment, and In-Motion-App. L.
Accuracy: It consists of 7 body points, resulting in 83.15% prediction Furth.er analysis is n.eeded for the
[42] . o . selection of body points, tracked body
accuracy from 5493 videos. Percentage (%) for each point: nose (93.3), oint accuracy and obiect movement
thorax (93), right wrist (74.4), left wrist (83.1), pelvis (63), p y ) :
right ankle (79.5), and left ankle (79.3).
Method: Sensor Fusion Algorithm (SFA) and Euler-based algorithm. It lacks qualitative metrics, has no
[43] Accuracy: It uses an IMU (an inertial sensor to detect children’s head real-time feedback, and is insufficiently
movements) with 81% accuracy. validated in homes or outdoor settings.
Method: Computer vision techniques, machine learning techniques, and It onlv works for explicitly supervised
TGM2D (Test of Gross Motor Development-2nd Edition) toolkit. y works prcry sup
[44] . . . . motor activities due to the small dataset
Accuracy: It is based on the Euclidean distance as a proportion of 0.05 used to train the model
diagonal of the human skeleton bounding box. ’
Method: Accelerometer and statistical analysis tools: R software (v.4.1.3). It is necessary to measure children’s
Accuracy: The optimal movement behaviour is based on movements gutsi de the research settin
[15] moderate-to-vigorous physical activity (MVPA), which results in (childcare), which may give an insi hti%ll
11.7 min/h, with sedentary time at 40.28 min/h and low levels of pari ;1wi th th 37 & 1t &
light-intensity physical activity (LPA) at 9.02 min/h. compariso © Tesuts.
Method: Computerized Language Analysis software package. Tgsvz?;}giiiszZ?xgi lcaocrlgoisit;;ﬁ:g?l
[45] Accuracy: The children’s gestures were measured with reliability P . p P
(Cohen’s Kappa), M = 0.92 parent—child gestures across
ppa), M =1s. race/ethnicity groups.
Method: Gesture coding protocol for frequency and type of gestures.
Accuracy: The frequencies across gesture types and embodiment .
[46] conditions were measured using one-way ANOVA, which reveals that Ietnljac(i(;ig:le:iﬁf;Tem of fully physical
children gesture more with puppets and costumes (p < 0.001) than with ’
no embodiment at all.
Method: Pediatric Review of Children’s Environmental Support and It lacks variation in settings. which are
Stimulation (PROCESS) and statistical tool: SAS software (version 9.4). solelv at home. and pre dogm,inantl in the
[47] Accuracy: The variables were measured using Correlation Coefficients at host of whit(,e an. dPr)ni ddle- or y
6 months and 2 years, which showed p = 0.65 for physical activity and low-income families
p = 0.86 for sleep guideline. )
Method: Eye tracking and behavioural tests of imitation. The small. group qf typlcally developed
[48] i , (TD) participants implies a lack of
Accuracy: Cohen’s kappa was 0.944 for frequency and 0.841 for accuracy. . =~ . . .
imitation during the experiment.
1\/1[1eat1}i1tod;1 siegsrieeiitlmanon algorithm and key-points-based action Tt lacks age-specific tasks and task
[27] quatty : | . sensitivity and underutilizes eye-tracking
Accuracy: It is based on the measurement of the predicted score and true data
score, with a mean error value of 0.071 and a standard deviation of 0.074. ’
It has limitations due to excessive head
movements or lack of collaboration with
Method: Machine learning and eye tracking. individuals, and its applicability is also
[49] Accuracy: It reports an accuracy of almost 91% and an ROC (Receiver limited to the laboratory. In addition, it is
Operating Characteristic) of 0.96 in machine learning and eye tracking. ~ highly dependent on good calibration
and technical supervision to ensure the
quality of the data obtained.
Method: Unsupervised machine learning and pressure sensors. It is limited to hospitals, requires that the
[50] Accuracy: The authors developed a deep learning model for the individual be lying down, is dependent
detection of certain abnormal movements in neonates using videos from  on the placement of the sensors and does
smartphones. This showed an AUC of 0.80 and a sensitivity of 76%. not work for activities of daily living.
. . It can be improved by expanding the
number o articipants and age
[51] Method: CNN and K-means clustering. ber of ASD particip d ag

Accuracy: The K-means model resulted in 96% accuracy and 94% recall.

groups with more diverse backgrounds.
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Table 5. Cont.

Study Method and Its Accuracy Percentage Limitations Identified by the Authors
Method: Sta‘qstlcal z/analy.sm. . e o It lacks quantitative data to show the
[52] Accuracy: Children’s facial expressions are classified into accuracy levels of facial recoenition
four descriptive levels (i.e., happy, sad, surprised, and scared). y & '
Method: Data Timer® app. It does not address individual factors,
[53] Accuracy: Children engage in appropriate behaviours for around 36% initial skills, sex or the quality of
(motor skills intervention). engagement.
Method: Machine learning techniques and pose estimation (OpenPose). It can be improved by adding more
[54] Accuracy: The model with the Random Forest technique resulted in 83%  gesture classes and including speech and
accuracy and 71% recall. video to merge with real-time gestures.
Method: Tablets (iPad) with front-facing camera and KnTS App. Tt relies on child cooperation and is not
Accuracy: It performs remote assessment of gaze tracking through tablets. - . . .
. . ¢ o, validated in natural settings; video
It presents good consistency with eye-tracking systems of traditional .
[55] S . . quality is dependent on uncontrolled
clinical methods and validates them for large-scale studies. . .
. . ; . . factors; the recruitment rate is low; and
In uncontrolled environments, it presents high success, which makes it . .
. . . . automated metrics are lacking.
possible to process eye-tracking data in real time.
Method: Statistical analysis. it can be 1mpr9ved by .con.s1dermg
[56] . . . o . efficient head immobilization devices and
Accuracy: Video observation provides 80% movement detection. . .
data correction algorithms.
Method: Statistical analysis. The playground is designed for children
[57] Accuracy: The ambulatory activity is classified into easy or moderate aged 2-10 years; hence, older children are
with a percentage between age groups. rarely present.
Method: Eye-tracking technology with a Tobii Pro X3-120 device. Llrmta.tlons include data{ exc}usmn,
.. exclusive laboratory validation,
Accuracy: The Welch two-sample f-test revealed a similar number of o / e
[58] e . 1 o . calibration errors, high sensitivity to head
valid trials across groups (Expression x Guiding condition) with . .
— 0.206 movements, sample biases and static
p=5.250 stimuli.
Method: Computer vision and deep learning to extract 3D human
meshes (HARM.ONI)' o . . . The dataset has limitations in terms of
[59] Accuracy: It achieves 63.8 to 80% consistency with manual annotations diversity, sample size, and range of child
and 84% to 93% consistency with laboratory setting videos (on touch and develo r,nent ’
visibility). Lastly, the audio analysis achieves 72.8% prediction for adults’ P '
word count using LENA.
A small number of patients participated
Method: Eye-tracking system and statistical analysis. in the study; a wide age range, a short
[60] Accuracy: The matching-pair tests resulted in 45.8% in week 24 for observation period, and the mood swings
seven patients from baseline. of participants are also cited as
limitations.
Method: Mobile Android (Ibuki) and statistical analysis. . . .
o . It only uses online video surveys with a
[61] Accuracy: The recognition rate was 56% for anger, 77.7% for happiness, redesioned response range of
and 97% for sadness. The human gait motions resulted in recognition pues tioﬁnaires P &
rates of 97% for anger, 93.2% for happiness, and 96.2% for sadness. d ’
Method: Noldus EthoVision XT Version 14. It lacks a comparison sample of
[62] Accuracy: The first video tracking revealed higher expressive vocabulary  neurotypical controls and the
(p = 0.026) and fewer autism symptoms (p = 0.033) in the centre of ROI measurement of children’s skills during
(region of interest). observation.
Method: Statistical analysis and ErgoLab software. It only focuses on electrodermal activity
Accuracy: Children’s evacuation velocity and physiological responses are  (EDA) and skin temperature (SKT)
[63] classified into knee and hand crawling (KHC), stoop walking (SW), and  without considering other physiological
upright walking (UW), which are all increased from baseline values factors (i.e., respiratory exchange and
(i.e., 78.88%, 88.03%, and 105.72% for KHC). oxygen consumption).
Method: Eye tracking and HMM. This does not consider body gestures,
Accuracy: It uses machine learning and relates eye patterns to cognitive  only eye tracking (gaze patterns); its
[64] development in children. application is limited if children have a

It has a high accuracy of 83-90% and identifies specific patterns that are
linked to memory or attention. Accuracy is high but varies with the age
of the child.

lot of motor activity. It was not evaluated
in natural environments, only in the
laboratory.
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For this part of the review, the included studies were examined in terms of the perfor-
mance information they reported for automatic recognition methods. As Table 5 shows,
the evidence base is heterogeneous: some studies provide direct accuracy, whereas others
report related indicators, such as reliability coefficients, consistency with manual anno-
tation, descriptive performance outcomes, or inferential statistics. This variation reflects
the current state of the field and helps explain why technical comparison across studies
remains difficult.

This approach helps ensure that the analysis and conclusions of this article remain
grounded in the range of performance evidence currently available on automatic gesture
and movement recognition methods for children, while also making visible the substantial
inconsistencies in reporting practices across the literature. In turn, this better aligns the
review with its objectives and research questions.

3.3. RQ3. What Ethical Aspects Have Been Considered in Using Automatic Gesture and
Movement Recognition for Children?

The ethical implications of using automatic gesture and movement recognition are
discussed in some of the studies involving direct human participation. Only 10 of the
25 studies reported their ethical procedures and data protection measures to ensure privacy
and safety throughout the research process [42,43,48-50,61,63]. Privacy-preserving deep
learning approaches, such as differential privacy-based frameworks for video- and sensor-
based systems, offer concrete strategies for mitigating these risks and should be considered
in future research on gesture and motion recognition focused on children [65]. The ethical
concerns addressed, either explicitly or implicitly, can be grouped into four main areas:
(1) personal data protection and safety, (2) justification of societal contribution, (3) bias and
fairness, and (4) privacy-preserving methods within the secure Al framework.

All studies involving children under 18 required parental or guardian consent before
data collection, which is a common safeguard in research with children. At the same time,
children should be given explanations that are appropriate to their level of understanding
so that they can better comprehend their rights regarding the data collected during a study.
Research on explainable artificial intelligence (Al) for children may help support their
more active participation in understanding data protection and informed involvement in
research processes [66].

The second ethical concern relates to the justification of societal contribution. Some
studies are more strongly oriented towards technological advancement, which can make
their direct significance for children’s well-being less clear. The development of new
technologies often requires large training datasets and diverse participant groups to address
concerns about bias and fairness. However, the value of technological innovation also
depends on its contextual relevance and practical usefulness for children’s lives.

Third, bias and fairness are recurring concerns when datasets include children. Under-
representation of communities, languages, and age groups may reduce developmental ap-
propriateness and introduce bias into classification systems. Even within primary research,
age ranges are often divided differently across studies, which can create measurement bias
when behavioural cues are matched to specific psychological or developmental conditions.
In this respect, combining primary data with secondary data for training purposes may
help mitigate some of the biases in automatic gesture and movement recognition systems
for children.

Finally, privacy-preserving strategies within a secure Al framework should be im-
plemented both before and throughout the study, given the sensitivity of using video
recordings of children’s data to train deep learning models. In line with Wu et al. [67], this
should include privacy-risk assessment and prevention-control mechanisms to strengthen
data protection. Similarly, Wang et al. [65] emphasize that privacy-preserving deep learning
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methods are particularly crucial for automatic gesture and movement recognition systems
that depend on video-based, sensor-based, or deep learning technologies in schools, homes,
and other naturalistic child-centred environments.

4. Discussion

This systematic review identifies a substantial misalignment between current research
on the automatic recognition of children’s gestures and movements, established principles
of psychological adjustment, and the laboratory-to-natural setting gap, understood here
as children’s adaptive functioning within naturalistic environments. Although 78% of
the analyzed studies were conducted primarily in laboratories, many focused on educa-
tional, psychological, or clinical applications. This concentration limits the transferability
of findings to real-world contexts, where behavioural adjustment unfolds dynamically.
This concern is consistent with recent research on emotion recognition using computer
vision [68,69]. The gap is further compounded by the frequent use of small and relatively
homogeneous samples [70].

A central finding of this review is the technical disparity between tracking physical
displacement (movement) and interpreting semantic meaning (gesture). The systems
analyzed generally achieve high accuracy when monitoring stable central anatomical
points, such as the thorax, but their precision decreases substantially when they attempt to
infer the semiotic intent of gestures [42]. This pattern supports the conceptual distinction
proposed by Tomasello and Camaioni [20] between biological movement as kinematics
and communicative intent as meaning-bearing action. Translating this distinction into
computational systems remains a major challenge.

Several technical limitations help explain why systems that perform well in controlled
settings often become less reliable in natural settings. For example, Passmore et al. [16]
reported 94% accuracy for detecting atypical movements in controlled clinical conditions,
yet such performance is difficult to maintain in everyday contexts. Three factors appear
particularly important. First, developmental variability reduces algorithmic stability in
younger populations, as systems must adapt to rapid changes in motor and attentional
control; Zhou et al. [64] identified specific challenges related to developmental differences
in oculomotor control and attention. Second, methodological constraints remain substantial.
As shown in Table 5, error patterns frequently reflect failures in naturalistic settings, where
excessive participant mobility and the need for continuous calibration reduce performance;
this is evident in studies such as Liu et al. [49] and Al-Azzawi et al. [43]. Third, ethical
requirements also shape what can be studied and how. Collecting data in natural environ-
ments demands rigorous privacy protections, particularly in settings such as schools, where
obtaining informed consent for camera-based monitoring can be especially challenging [71].

A further gap persists between research objectives and research settings. In educational
research, for example, academic performance is often prioritized over the spontaneous
emotional and social adjustment that occurs during learning interactions. As Table 5 indi-
cates, technological adaptations are still concentrated in controlled educational and clinical
contexts, and when these systems are deployed in less regulated environments, technical
and methodological difficulties may introduce additional measurement bias. Future re-
search should therefore prioritize the use of non-invasive technologies and context-sensitive
protocols—such as accelerometers and RGB-D cameras—in naturalistic environments, in-
cluding classrooms, playgrounds, and homes. Expanding empirical datasets involving
children is essential for improving model adaptability and technical accuracy across devel-
opmental stages. Addressing these challenges will require a multidisciplinary approach
that integrates expertise from education, child psychology, and computer science to ensure
that automated systems are both developmentally appropriate and scientifically robust. At
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the same time, the implementation of strong ethical frameworks remains essential to protect
children’s rights while promoting transparency and fairness in data use and algorithmic
design [70]. Beyond basic consent and anonymization, future work on child-centred gesture
and movement recognition should follow clearer data-governance practices, with policies
that specify who can access the data, how long it is kept, and under what conditions it is
shared. It is also important to monitor algorithmic fairness so that system performance
does not systematically differ between age groups, developmental profiles, or sociocultural
contexts. Finally, secure Al frameworks that integrate privacy-preserving methods, such
as zero-trust architectures, dynamic security, or differential-privacy-based deep learning
approaches [65,67], will be essential for protecting sensitive video and sensor data in
real-world child-centred settings.

5. Conclusions

Automatic gesture and movement recognition has been widely applied to adult popu-
lations in public, clinical, and laboratory settings for purposes such as surveillance, health
monitoring, and human—computer interaction. More recently, growing interest has turned
toward adapting these technologies to the behavioural analysis of children because of their
potential value in educational, developmental, healthcare, and social contexts. Despite
this momentum, research involving children still relies heavily on manual observation and
expert annotation, which remain labour-intensive and difficult to scale. As a result, only
a limited body of research has specifically examined automatic gesture and movement
recognition in child populations.

This review provides a systematic evaluation of the current state of automatic gesture
and movement recognition in child behavioural analysis. Following the PRISMA guidelines,
it examined studies retrieved through searches designed to cover the 2021-2025 period
across four major databases: Web of Science (WoS), Scopus, PubMed, and IEEE Xplore.
The review analyzed the purposes for which these technologies are being used, the age
groups they target, the settings in which they are implemented, their reported accuracy
and technical limitations, and the ethical considerations associated with their use. In total,
27 studies met the inclusion criteria and were included in the analysis. The final sample
spans a broader developmental range than the core preschool-to-primary focus of the
review, reflecting the diversity of the literature captured during screening.

The findings show that automatic behaviour recognition in children is being applied
across multiple domains, including healthcare, clinical and developmental psychology,
education, and child-centred technological innovation. However, the evidence base remains
uneven. Fewer than half of the reviewed studies reported detailed accuracy percentages
or clear information about methodological limitations, highlighting a substantial gap in
technical reporting and practical evaluation. The review also identified a persistent tension
between promising performance in controlled environments and the limited ecological
validity of these systems in children’s everyday settings.

Ethical considerations are equally central to the development of this field. The use
of automated behaviour recognition with children raises important concerns regarding
data protection, privacy, fairness, and the justification of societal benefit. Future research
should therefore adopt a more purpose-driven and child-centred approach, with stronger
ethical safeguards and greater attention to developmental appropriateness. It should also
prioritize naturalistic settings such as classrooms, playgrounds, and homes while using
non-invasive technologies capable of capturing authentic social interaction and behaviour.
Advancing the field will depend not only on improving technical performance but also on
ensuring that these systems are transparent, context-sensitive, and genuinely supportive of
children’s health, development, and learning.
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