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Abstract

Human–robot interaction (HRI) takes place in dynamic environments where both humans
and robots act as active agents, making the system inherently unpredictable. Abrupt move-
ments can originate from either side and include human reflexes, fatigue, or unexpected
reactions, as well as robot malfunctions, control errors, or task changes. These unpredictable
events generate significant risks for both interaction fluency and safety, affecting not only
the physical domain (e.g., collisions, excessive forces) but also cognitive aspects such as
trust and predictability. Although different application areas present domain-specific chal-
lenges, a comprehensive overview of abrupt movements in HRI is still lacking, especially
in the industrial scenario. This review aims to consolidate current knowledge regarding
how abrupt phenomena are analyzed, prevented, and mitigated across various contexts
and to offer new insights for researchers. In detail, after describing the literature search and
the screening process, the review categorizes abrupt events, highlights key methodological
approaches, and identifies gaps and future directions. By providing a structured synthesis
of existing strategies, this work guides researchers in developing safer and more adaptive
HRI frameworks capable of handling unpredictability.

Keywords: unexpected movement; human–machine interaction; collaborative robotics;
human–robot collaboration; human–robot interaction

1. Introduction
To survive in an ever-changing environment, humans rely on their ability to extract

rules and patterns from dynamic surroundings, enabling them to anticipate and adapt
to potential changes [1]. In human–robot interaction (HRI), however, the dynamics are
even more complex, since the environment is shaped not only by external factors but also
by the interplay of two active agents: the human and the robot [2,3]. HRI is inherently
characterized by bidirectional influence, where perception, decision making, and motion
generation continuously evolve through mutual adaptation between partners [4]. Unlike
traditional automation scenarios, collaborative settings require robots not only to execute
tasks accurately but also to interpret human behavior and adjust their actions in real time [5].
In this context, sudden and unexpected changes in action, trajectory, or intent, defined as
abrupt movements, may occur. Abrupt movements can arise independently from the inter-
action between the operator and the robot: (i) human abrupt movements can be provoked
by unexpected reactions, fatigue, or reflexive responses; (ii) robot abrupt movements can
derive from control errors, malfunctions, or sudden task variations. Moreover, unexpected
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reactions can also be triggered reciprocally, with the action of one agent provoking an
abrupt response in the other.

Such deviations from predictable patterns challenge not only the fluency of interaction
but also its safety. Unlike in many other robotic domains, human–robot interaction always
involves direct human presence, which makes any loss of stability or unexpected behavior
potentially dangerous [6]. Therefore, safety becomes a primary requirement, including both
physical (avoiding collisions, excessive forces, or unintended contacts) and cognitive (trust,
predictability, and the human ability to understand and anticipate robot actions) aspects.
Trust calibration and shared situational awareness have been identified as fundamental
requirements for long-term acceptance of collaborative robotic systems [7,8]. In this context,
abrupt or unpredictable robot movements may strongly influence operator perception of
the system, potentially generating uncertainty, stress, or loss of confidence in the robot
behavior. To address these challenges, adaptive mechanisms are needed to recognize abrupt
events, ensuring both human safety and effective collaboration [9,10].

Unpredictability, arising from both humans and robots during their interaction, occurs
differently across the most common application domains proposed by ISO/TS 15066:2016
for industrial, medical and service robotics [11]. In industrial collaboration, humans may
unexpectedly reach into the robot workspace or change their task strategy, while robots
may generate sudden motions due to trajectory replanning, controller instability, or sensor
faults [12]. The most popular methods to ensure human safety focus on combining obstacle
avoidance with polynomial-based sensory planning and a sensory system capable of
mapping the robot workspace [13]. In addition to perception systems used for workspace
monitoring, force sensing technologies also play an important role in collaborative robotics.
Force sensors enable robots to measure interaction forces during contact with objects or
the environment, allowing them to regulate gripping forces and safely perform tasks
such as precision assembly while maintaining controlled interaction conditions [14]. In
medical scenarios, interaction becomes even more critical, as humans can come into direct
physical contact with robots [15]. In a surgical operation scenario, abrupt movements
may arise from the human agent (i.e., both patient and surgeon) and from the robot,
potentially compromising surgical accuracy. For this reason, robotic systems incorporate
safety mechanisms to maintain surgeon engagement and prevent unexpected motions [16].
Moreover, unexpected robot behavior can derive from control inaccuracies or incorrect
estimation of human motion intention [17]. Finally, abrupt movements can also occur in
service and assistive robotics, which covers operational areas such as healthcare, education,
leisure, smart cities, and the economy [18].

Even though the concept of abrupt movements in human–robot interaction is highly
relevant for safety, the existing literature still shows a clear gap regarding research on this
topic. To the best of authors’ knowledge, there are no reviews that comprehensively cover
this topic in terms of summarizing the different methodologies adopted to analyze abrupt
phenomena and the strategies proposed to prevent or respond to them. Accordingly, the
present review is a unified overview developed not only to consolidate current knowledge
but also to guide future research toward safer and more reliable interactive frameworks.
The structure of the paper is as follows: (i) first, the literature search process is presented
in detail, including the search string, the screening phase, and the set of selected stud-
ies; (ii) then, based on the main outcomes of this investigation, the focus is progressively
narrowed, and the most relevant results are examined in depth; (iii) moreover, particu-
lar attention is given to identifying the key aspects that characterize abrupt movements
in human–robot interaction, along with the different approaches used to address them;
(iv) finally, the paper concludes with a summary of the main findings and guidelines to
support future research in advancing the field.
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2. Literature Investigation
To conduct the analysis, the concepts of human–robot interaction and abrupt move-

ments were considered. Accordingly, the following search string was used in the Scopus
electronic database on 2 March 2026, applying an additional filter to include only articles
written in English:

TITLE-ABS-KEY ((human robot collaboration OR human robot interaction OR HRI OR
HRC OR collaborative robot* OR cobot*) AND (abrupt movement* OR abrupt motion* OR sudden
movement* OR sudden motion* OR jerky movement* OR jerky motion* OR impulsive movement*
OR impulsive motion* OR quick movement* OR quick motion* OR unexpected movement* OR
unexpected motion* OR rapid movement* OR rapid motion* OR unpredict* movement* OR
unpredict* motion*))

A total of fifty-six results were obtained, which were then manually reviewed. A first
group of studies focuses on tracking rapid human motions, which are treated as high-speed
but continuous movements within predictive modeling frameworks. These works propose
data-driven or hybrid approaches to forecast human or coupled human–robot movements,
including LSTM-based and autoregressive neural models, as well as EMG-based decoding
strategies [19–21]. Other contributions interpret the concept of rapid or sudden motion as the
capability of the robotic control architecture to react quickly to dynamic changes or distur-
bances. These works investigate adaptive or robust control strategies designed to improve
responsiveness under dynamic conditions, such as variable admittance control, optimization-
based trajectory planning, observer-based control architectures, and dual-quaternion kinematic
modeling [22–26]. Several works explicitly consider fast or sudden movements of tracked
objects or agents, addressing perception and tracking in dynamic environments through ap-
proaches such as collaborative SLAM, real-time face and object tracking, hybrid tool tracking
systems, biologically inspired visual stabilization mechanisms, and sensor metrological vali-
dation [27–32]. In other studies, descriptors such as quick, rapid, or sudden movements are
mainly used to characterize the speed or expressiveness of human or robot actions within
interaction scenarios. These works explore socially aware navigation and crowd interaction [33],
motion design and perceptual evaluation of robot behavior [34,35], collaborative lifting and
human-centered interaction [36,37], as well as gesture-based interaction, creative collaboration,
rehabilitation monitoring, and virtual or haptic interfaces [38–42]. Although the twenty-four
studies described above were retrieved due to the presence of terms included in the search
string, the analyzed motions are typically modeled as high-speed yet continuous and expected
behaviors rather than as genuinely unforeseen interaction events. Since this review focuses
on abrupt movements understood as unexpected deviations from the ongoing interaction
dynamics, these studies were not included in the final set of reviewed articles.

Accordingly, the remaining thirty-two articles were included in the subsequent analysis.
For each article, the following aspects were identified: (i) year of publication, (ii) document
type, (iii) robot classification: industrial robot, service robot, medical robot [43], and (iv) robot
type (based on morphology). Figure 1 shows the logical flow of the analysis, while Table 1
lists all articles, one per row, ordered in descending order by year of publication.

The publication years of the selected papers are summarized in Figure 2. Although no
temporal constraints were applied during the search process, the earliest relevant studies
date back to 2009. Between 2009 and 2013, only one paper per year was published, except
in 2012, when no publications were recorded. No studies were published between 2013
and 2017. From 2017 to 2021, the number of studies remained relatively stable, fluctuating
between one and two articles per year. This was followed by a sharp increase starting in
2022, reaching a peak in 2025 with seven articles. This upward trajectory highlights the
increasing scientific attention regarding abrupt movements phenomena in human–robot
interaction over the past few years.
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Figure 1. Literature analysis flow chart.

Table 1. Selected articles included in the literature analysis, specifying the publication year, the
document type, the robot classification according to ISO 8373:2021 [43], and the robot type.

Study Year Document Type Robot Classification Robot Type

Jiang et al. [44] 2025 Article Service Humanoid

Jia et al. [45] 2025 Article Industrial/Medical/Service Not Specified

Nguyen et al. [46] 2025 Article Service Manipulator

Nasr et al. [47] 2025 Article Industrial/Medical Exoskeleton

Reza Mohamadi et al. [48] 2025 Article Medical Exoskeleton

Kim et al. [49] 2025 Article Service Mobile Robot

Li et al. [50] 2025 Article Service Manipulator

Maehigashi et al. [51] 2025 Conference Paper Service Humanoid

Neamah et al. [52] 2024 Article Service Mobile Robot

Lu et al. [53] 2024 Article Industrial Manipulator

Digo et al. [54] 2024 Article Industrial Manipulator

Sun et al. [55] 2024 Article Industrial Parallel Robot

Hariharasudhan et al. [56] 2024 Conference Paper Industrial Manipulator

Digo et al. [57] 2023 Article Industrial Manipulator

Hannum et al. [58] 2023 Article Industrial Manipulator

Renz et al. [59] 2023 Conference Paper Industrial Manipulator

Polito et al. [60] 2023 Conference Paper Industrial Manipulator

Polito et al. [61] 2023 Conference Paper Industrial Manipulator

Simas et al. [62] 2022 Article Industrial Manipulator

Kästner et al. [33] 2022 Conference Paper Service Mobile Robot

Rosso et al. [63] 2022 Conference Paper Industrial Manipulator

Frątczak et al. [64] 2021 Article Industrial Manipulator

Hannum et al. [65] 2020 Conference Paper Industrial Manipulator

Zahedi et al. [66] 2020 Article Medical Haptic Device

Zardykhan et al. [67] 2019 Conference Paper Industrial Manipulator

Esmaeili et al. [68] 2018 Conference Paper Industrial/Medical Exoskeleton

Stark et al. [69] 2018 Conference Paper Industrial Not Specified

Zahedi et al. [70] 2017 Article Medical Haptic Device

Quesque et al. [71] 2013 Article Service Not Specified

Erden et al. [72] 2011 Conference Paper Industrial Haptic Device

Méndez-Polanco et al. [73] 2010 Conference Paper Service Mobile Robot

Méndez-Polanco et al. [74] 2009 Conference Paper Service Mobile Robot
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Figure 2. Publication year of the selected articles included in the literature analysis.

For each selected article, the type of robot was first identified according to its intended
use, following the ISO 8373:2021 definitions [43]. An industrial robot is defined as a robot
employed in automatic applications within an industrial environment [43]. A service
robot refers to a robot intended for personal or professional use and designed to perform
useful tasks for humans or equipment [43]. A medical robot is intended for use as medical
electrical equipment or for a medical system [43]. In addition, considering the guidelines
regarding the robot’s intended use, the morphological characteristics of the robots used in
selected papers were also examined. Six different robot types were identified: manipulator,
exoskeleton, mobile robot, humanoid, parallel robot, and haptic device. Manipulators are
characterized as having three or more revolute joints [43], while exoskeletons are wearable
devices designed to support or enhance human motor functions, such as strength and
endurance [47]. Mobile robots are able to travel under their own control [43], and humanoids
are designed with a body, head, and limbs to mimic human appearance and motion [43].
Parallel robots have arms forming a closed-loop structure [43], and haptic devices are robotic
devices that enable information and action exchange between human and robot during
human–robot interaction [43].

Across the different robot types considered in this review, human–robot cooperation
is realized through different interaction modalities. Mobile robots operate in shared envi-
ronments, requiring spatial coordination with humans in close proximity. Manipulators
are typically used in collaborative workspaces, where humans and robots coordinate ac-
tions during task execution. Humanoid robots combine physical interaction and social
cues to enable more natural interaction. Exoskeletons involve direct physical interaction,
supporting or guiding human motion, while haptic devices rely on force feedback to assist
user actions. These modalities illustrate how cooperation can range from proximity-based
coordination to direct physical coupling, depending on the robot type.

As illustrated in Figure 3, the radar chart highlights the distribution of robot intended
uses (identified by colors) and morphological types (represented by the polygon vertices)
in the selected papers.

Regarding service robots, mobile robots are the most investigated type, with five
related studies, while only two studies focus on manipulators and two on humanoid robots.
Mobile robots operate in environments such as offices and airports, supporting humans in
tasks like guiding or following people, transporting goods, and recognizing gestures or
activities. Reliable people detection and interaction are essential to ensure safe and effective
human–robot collaboration. One of the main challenges in this area lies in navigating
safely in highly dynamic environments, where human movements can be sudden and
unpredictable. This unpredictability often leads to inefficient or abrupt robot behaviors,
reducing the fluidity and reliability of the interaction [33,49,52,73,74].

https://doi.org/10.3390/app16073350
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Figure 3. Radar chart showing the different robot morphologies at each vertex. The three overlapping
areas represent the classifications according to their intended use. Concentric rings represent reference
values corresponding to the number of reviewed papers.

The types of medical robots identified in the selected papers include exoskeletons,
discussed in three related studies [47,48,68], and haptic devices, discussed in two related
studies [66,70]. Exoskeletons are widely used in rehabilitation to help individuals relearn
walking patterns and rebuild muscle strength [48,75]. However, even when velocity and
range of motion are constrained, unforeseen human–robot interactions may still occur. For
instance, the device may unexpectedly deliver excessive torque or resist the user’s intended
movement. These events can result in negative outcomes such as increased stress and
muscular effort, which may lead to fatigue and additional strain [47]. Haptic devices, on
the other hand, are frequently integrated into medical training simulators for procedures
such as minimally invasive surgery. By modeling expert motion patterns and providing
real-time haptic guidance, these systems help correct unpredictable movements, enhancing
both safety and learning outcomes [66,70].

Exoskeletons [47,68] and haptic devices [72] are also employed as industrial robots.
In detail, exoskeletons are applied to enhance worker strength and endurance, increasing
overall productivity [76]. Haptic devices are employed to assist operators during precision
tasks such as welding by allowing the operator to control the main trajectory and speed,
while the device suppresses sudden or abrupt motions [72]. Among industrial robots,
manipulators represent by far the most common category, with thirteen studies. Manipu-
lators are typically employed in industrial settings to work collaboratively with humans,
performing tasks such as handover, pick-and-place, assembly/disassembly, grasping and
moving objects, and other shared operations. The core goal is to create a shared space where
humans and robots can exchange information and collaborate, enhancing each other’s
strengths. Robots can assist workers with tasks that require precision, strength, or speed,
while humans provide supervision, decision-making, and problem-solving skills [77]. In
such collaborative scenarios, several conditions may lead to abrupt movements.

Although studies were identified across different robotic domains (industrial, med-
ical, and service robotics), the literature addressing abrupt movements in collaborative
scenarios is predominantly focused on industrial manipulators. Therefore, the subsequent
analysis concentrates on this category to provide a more detailed examination of the most
representative studies.

https://doi.org/10.3390/app16073350
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3. Industrial Manipulator Robots
Following the initial literature analysis, industrial manipulators emerged as the most

frequently investigated robotic systems in the context of abrupt movements in HRI. In
order to analyze the selected studies in a structured way, the literature was interpreted
according to several key dimensions: (i) the agent generating the abrupt motion, (ii) the
cause triggering the unexpected behavior, (iii) the temporal phase in which the abrupt event
is analyzed, (iv) the practical approaches and (v) the supporting technologies employed
to address abrupt movements. Figure 4 illustrates this analytical framework adopted to
examine abrupt motions in industrial human–robot collaboration scenarios.

 

Figure 4. Analytical framework for examining abrupt movements in industrial human–robot col-
laboration. Abbreviations: AI = artificial intelligence; AR/VR = augmented reality/virtual reality;
PP = physiological sensors.

In particular, thirteen articles were identified (Table 2). According to Figure 4, these
studies were analyzed considering the following aspects: year of publication, aim of the
work, agent performing the abrupt movement, cause of the abrupt movement, focus of the
analysis, practical approach to address the abrupt movement, and supporting technology.

Table 2. Summary of the selected articles included in the subsequent analysis of manipulator robots
in industry.

Study Year Aim Agent Cause Analysis Focus Approach Supporting
Technology

[53] 2024

Analysis of workers’ mental stress
during human–robot handover

using combined
objective and subjective measures.

Robot Robot Reaction Feature
Extraction

Physiological
Parameters

Sensors

[54] 2024
Definition of a method to identify

human abrupt
movements in the workplace.

Human External/
Robot Detection AI-Based

Identification Inertial Sensors

[56] 2024
Development of an augmented

reality-based gesture interface to
improve HRI.

Robot Robot Prevention
Augmented/

Virtual Reality
Exploitation

Headset

[57] 2023
Evaluation of repeatability of

normal and abrupt
pick-and-place gestures.

Human External/
Robot Detection AI-Based

Identification Inertial Sensors

[58] 2023
Development of a robot

system that adapts actions based
on human trust levels.

Robot Human Prevention Motion
Control Web Camera

[59] 2023

Evaluation of a GMM-based
method for estimating human

motion uncertainties in
collaborative scenarios.

Human External/
Robot Prediction AI-Based

Identification Simulation

https://doi.org/10.3390/app16073350
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Table 2. Cont.

Study Year Aim Agent Cause Analysis Focus Approach Supporting
Technology

[60] 2023

Detection of abrupt
movements via forearm

acceleration using
inertial sensors.

Human External/
Robot Detection AI-Based

Identification Inertial Sensors

[61] 2023

Detection of abrupt
movements via forearm

acceleration using
inertial sensors.

Human External/
Robot Detection AI-Based

Identification Inertial Sensors

[62] 2022
Reduction of sudden robot

avoidance maneuvers using a
digital filtering approach.

Robot Robot Prevention Motion
Control Simulation

[63] 2022
Identification of impulsive
movements through four

kinematic features.
Human External/

Robot Detection Feature
Extraction Inertial Sensors

[64] 2021
Evaluation of trust-repair

strategies after unexpected
robot actions.

Robot Robot Reaction
Augmented/

Virtual Reality
Exploitation

Headset

[65] 2020
Evaluation of a computational

trust model to prevent
unpredictable robot behavior.

Robot Human Prevention Motion
Control Web Camera

[67] 2019

Development of a smooth
collision-avoidance

control through robot
velocity modulation.

Robot Robot Prevention Motion
Control

RGB-D
Camera

3.1. Publications per Year

Considering the publication year of the articles related to manipulators in industrial
contexts, a clear upward trend can be observed, particularly after 2021 (Figure 5). This
increase can be associated with the emergence of Industry 5.0 [78]. Introduced in 2021,
Industry 5.0 promotes a human-centered, sustainable, and resilient industrial model in
which workers are considered key assets, and technologies are designed to support physical
and mental well-being while improving system adaptability and sustainability [79]. Within
this paradigm, human–robot interaction becomes a central element of innovation, which
helps explain the growing scientific attention observed in recent years. In such collaborative
environments, unexpected or abrupt robot motions may directly affect both operator safety
and the perceived reliability of the robotic system. Consequently, the ability to detect,
anticipate, and properly manage abrupt movements becomes an important requirement for
designing collaborative systems aligned with Industry 5.0 principles, where safety, trust,
and human well-being are central elements of the interaction.

Figure 5. Yearly distribution of the reviewed papers on industrial manipulator robots (n = 13),
grouped by the agent performing the abrupt movement (robot or human).

https://doi.org/10.3390/app16073350
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3.2. Agent Performing the Abrupt Movement

In the context of human–robot collaboration, abrupt movements can be performed
by either the human or the robot. The analysis of these events is important for enhancing
collaboration efficiency while ensuring physical and cognitive safety. The literature shows
a balanced focus on this topic, with seven studies addressing robot abrupt movements and
six studies examining human abrupt movements (Figure 5). The majority of the studies
investigating abrupt movements performed by humans (five out of six) were conducted
by the same research group, which primarily focuses on human–robot interaction and
human movement analysis [54,57,60,61,63]. However, the distribution according to the
agent performing the abrupt movement highlights the need to study such movements in
both humans and robots to enhance overall collaboration.

As shown in Figure 5, there is a clear difference in the temporal distribution of articles
focusing on robot abrupt movements and human abrupt movements. At least one article per
year between 2019 and 2024 addresses robot abrupt movements, whereas studies focusing
on human abrupt movements appear only from 2022 onward. This trend is consistent with
the principles of Industry 5.0, which place humans at the center of production systems,
thereby motivating research to increasingly investigate human-related aspects of human–
robot interaction.

3.3. Cause of the Abrupt Movement

In a collaborative environment, identifying the cause of an abrupt movement is par-
ticularly important. Unexpected movements may originate either from the agent itself,
from the action of the other agent, or from external factors in the surrounding environment.
Figure 6 shows that, among the seven studies focusing on robot abrupt movements, five
address unexpected motions caused by the robot itself, while two focus on movements
triggered by the operator.

Figure 6. Distribution of articles based on the agent performing the abrupt movement (rows) and the
cause (columns).

When an unexpected robot motion originates from the robot itself, it is essential to
analyze possible causes such as malfunction or control errors. Abrupt movements may
result from technical failures, which can lead to hazardous situations [56], or from the
control strategy adopted in collision-avoidance algorithms. For example, a robot that
suddenly stops to avoid an object performs an abrupt motion. Regulating this behavior
results in smoother motions, making robot movements more understandable for the human
counterpart [67]. Similarly, malfunctions in algorithms that directly use the coordinates
of objects within the robot workspace can cause abrupt variations in kinematic distances,
leading to unstable and abrupt robot movements [62]. From the operator perspective, the
speed and direction of robot movement strongly influence how its motion is perceived.
Comprehending this perception is crucial for effective HRI. For instance, an end effector
approaching from the side at low speed can be perceived as more unpredictable than one

https://doi.org/10.3390/app16073350
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approaching from the front [53]. Other unexpected movements include the robot rapidly
moving towards the human and making contact or suddenly dropping both arms from
above the participant’s head to table level [64].

When focusing on robot abrupt movement caused by humans, unexpected robot
motions may emerge from the misinterpretation of human actions. In particular, the two
reviewed studies propose a framework for human–robot co-carry tasks that rely on a model
sensitive to human false positives [58,65]. If the operator performs shaky movements,
the robot may misinterpret them as a carrying intention and initiate a co-carrying action,
potentially causing discomfort or injury to the human operator.

Notably, none of the reviewed studies addresses robot abrupt motions caused by
external factors. For example, industrial robots may be affected by changes in the robot
operating conditions [80].

In HRI, operators typically perform repetitive and controlled gestures related to
the task. However, sudden or unexpected movements may occur, deviating from the
predefined pattern. Human abrupt movements may be caused by factors not related to the
operator but instead induced by the robot or by external factors related to the surrounding
environment. As shown in Figure 6, all six studies addressing human abrupt movements
focus on motions triggered by the robot or external factors, without considering abrupt
movements generated by the human himself. Recognizing these highly variable gestures is
essential to ensure the safety and efficiency of human–robot collaboration [54,57,60,61,63].
Moreover, when predicting human movements, it is necessary to account for these sudden
changes and to understand the operator’s intentions [59].

Human abrupt movements may also result from reactions to internal stimuli, such as
sneezing or reduced vigilance, which are often highly interrelated with operator fatigue,
workload, and situation awareness [81]. None of the reviewed studies explicitly address
this class of human abrupt movements.

3.4. Analysis Focus

An important aspect in the evaluation of the selected articles is the focus of the analysis
with respect to the occurrence of the abrupt movement. In the context of human–robot
interaction, abrupt movements can be interpreted through unexpected measurable varia-
tions in motion-related quantities rather than only through qualitative descriptions. When
referring to human motion, abrupt movements are typically characterized by rapid changes
in kinematic variables such as velocity, acceleration, or higher-order derivatives of motion
(e.g., jerk), which may appear as peaks or sudden discontinuities in the temporal evolution
of motion signals acquired through sensing technologies such as inertial measurement units
or motion capture systems. Among the results retrieved through the specific search string
adopted in this review, the studies addressing abrupt human gestures in collaborative
environments characterize such movements by analyzing features derived from acceler-
ation signals or deviations from expected motion patterns [54,57,60,61,63]. In the case of
robot motion, abrupt movements may arise from sudden variations in the robot trajectory,
velocity profile, or control response. These variations can be associated with events such as
trajectory replanning, collision avoidance strategies, or unexpected disturbances affecting
the control system. From a kinematic and dynamic perspective, abrupt robot motions may
therefore be reflected in rapid changes in velocity, acceleration, jerk, or interaction forces
generated by the robot during collaborative tasks [53,58,62,67]. Therefore, as illustrated
in Figure 7, an impulsive movement can be generally schematized as a temporal trend
characterized by an onset phase, a peak, and a subsequent decay. Based on this temporal
structure, the reviewed articles can be classified into four categories, i.e., prevention, pre-
diction, detection, and reaction, according to the moment they address the abrupt event.

https://doi.org/10.3390/app16073350
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The prevention corresponds to the phase preceding the onset and is addressed by five
studies. During this phase, the primary objective is to avoid the occurrence of the abrupt
motion. All five studies focus on robot abrupt motion and aim to intervene directly with
the robot to minimize the likelihood of such events [56,58,62,65,67]. Once the movement
begins, the onset marks the transition to the prediction, which extends until just before the
signal reaches its peak. Only one article addresses this phase, focusing on human motion
with the aim of predicting an abrupt movement shortly before it occurs [59]. The detection
spans from just before the peak, partially overlapping with the prediction phase, until the
end of the movement. In this case, five studies analyze human abrupt motion, with the
objective of identifying the impulsive movement as it occurs [54,57,60,61,63]. This real-time
identification is intended to support the implementation of safety systems. Finally, after an
abrupt movement has occurred, post-event analysis can be conducted in what is defined
as the reaction. The two reviewed articles in this category focus on analyzing human
reactions following a robot abrupt motion [53,64]. Understanding these reactions is crucial
for optimizing human perception of the robot and ultimately, improving HRI.

Figure 7. Example of an abrupt event illustrating the four categories of papers based on the temporal
relationship of the analysis to the movement. The number inside each band is related to the number
of papers in that specific category.

All these analyses are developed with respect to the timing of the abrupt movement,
which represents a critical event that can compromise safety and reduce the efficiency of
HRI. To optimize interaction, early intervention is essential, either by preventing robot
abrupt movements or by predicting human abrupt motions. In some cases, recognizing
a human abrupt movement as it occurs allows for the application of appropriate safety
measures. In these situations, the capability of the system to operate in real time becomes
a critical requirement. Safety mechanisms must respond with minimal latency to allow
timely intervention when unexpected motions arise in shared workspaces. However,
achieving high detection accuracy may require more complex computational models,
such as machine learning or deep learning approaches, which can increase processing
time. As a result, a trade-off may emerge between detection accuracy and real-time
performance [5]. In industrial human–robot collaboration, where workers and robots
operate in close proximity, ensuring a rapid system response is essential to promptly
mitigate potentially hazardous situations.

Actions across these stages aim to minimize or manage abrupt movements so that
they do not negatively affect the interaction. However, when a robot abrupt movement
occurs, it is essential to consider the worker’s physical, mental and emotional well-being,
particularly within the Industry 5.0 framework. For this reason, a deeper understanding
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of the mental stress experienced by human workers and their reactions to unpredictable
robot movements is necessary [53]. Such understanding can help improving collaboration
by optimizing robot behavior, reducing the occurrence of unexpected motions [53,64].

Overall, a clear trend emerges from the reviewed literature. Studies on robot abrupt
motion primarily address the phases before and after the event (prevention and reaction),
while studies on human abrupt motion mainly focus on the phases occurring during the
movement, specifically prediction and detection.

3.5. Practical Approaches and Supporting Technologies

Two additional aspects analyzed in the literary review concern the practical approaches
and the supporting technologies used to address abrupt motions. Regarding the imple-
mented approaches, four different categories were identified in the reviewed articles:
feature extraction, motion control, AI-based identification, and augmented reality/virtual
reality (AR/VR) exploitation. The supporting technologies employed in the selected studies
can be associated either with the collaborative workspace or with the human operator. For
the collaborative workspace, video systems, such as web cameras or RGB-D cameras, are
employed. These devices enable visualization of the workspace, accurate capture of HRI,
and the acquisition of relevant data.

Conversely, when the technology is associated with the human operator, wearable
devices, such as inertial sensors and physiological parameters sensors, are used for
(i) detecting abrupt human movements, (ii) controlling the robot to prevent its unexpected
movements, and (iii) evaluating the human responses to abrupt robot motions. When a
technology is referred to as simulation, it means that no physical technology is involved
and that the implementation is based on software simulations.

As shown in Figure 8, these approaches and technologies can be applied at different
phases of the analysis.

Figure 8. Number of classified articles based on the adopted practical approach (four different
colors) and the employed supporting technologies (five different patterns). The articles are grouped
considering the specific focus of the analysis.

For prevention, two main approaches are employed: motion control and AR. Motion
control is exclusively used for preventing robot abrupt movements by improving robot
control and trajectory smoothness [58,62,65,67]. Two of these studies rely on cameras placed
above the collaborative workspace to capture human motion, with the acquired information
sent to the local robot controller [58,65]. These two studies investigate the robot abrupt
movements caused by the interaction with the human operator. Therefore, the supporting
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technology aims to capture human movements to improve robot motion. One study uses a
video system based on RGB-D cameras to locate the position of the human operator relative
to the robot [67]. This information is exploited to smoothly modulate the robot velocity
by considering both the human presence and the current and intended robot trajectory.
Instead of abruptly stopping or deviating from its predefined path, the system adjusts
the robot speed to maintain continuous and smooth motion. As a result, robot behavior
becomes more predictable and easier for the human operator to understand [67]. Finally,
the other study relies on a software-based simulation to test and discuss the proposed robot
control method for smoothing abrupt robot movements [62]. AR, instead, is explored in
one study, with the aim of developing a gesture control human–robot interface [56]. The
system relies on an AR headset as the supporting technology, which allows the operator to
set the reference trajectories of the robot, preventing potentially hazardous situations due
to unexpected robot movements [56].

Approaches such as AR and VR are particularly relevant when abrupt movements
are performed by the robot. These approaches can be applied not only in the prevention
phase, but also after the occurrence of such movements. As shown in Figure 8, one study
that employs VR focuses on human reactions following an abrupt event and investigates
how to preserve user trust in the robot to ensure continued collaboration [64]. The ultimate
goal is to optimize the perception of robot motions in industrial HRI scenarios, simulated
through VR combined with a headset device [64].

Within the reaction phase, one study employs a feature extraction approach [53]. To as-
sess user perception after unexpected robot movements, physiological parameters sensors,
such as galvanic skin response and electromyography sensors, were used in combination
with self-reports. From these signals, the most relevant features were identified to analyze
the operator’s reactions to the robot’s motion. The resulting information contributes to
understanding how collaboration can be improved by reducing the operators’ mental stress
and providing insights into the design of more effective HRI tasks.

Regarding human abrupt movements, the only study addressing the prediction stage
employs a simulation-based AI approach [59]. Specifically, it uses a Gaussian mixture model
to estimate the uncertainty of human motion extrapolations, which can be incorporated into
robot motion planning. The online estimation of forecast uncertainties enables the robot to
adjust its trajectory, increasing the distance from the human operator and decreasing the
danger index. This approach is beneficial in collaborative scenarios, as it reduces the risk of
collisions between humans and robots [59].

The detection of human abrupt movements, on the other hand, is conducted only
through inertial sensors placed on the human body [54,57,60,61,63]. The five analyzed
studies aim not only to identify abrupt movements as they occur but also to minimize the
impact of the setup on the user, thereby preserving natural motion while ensuring that
the necessary data are accurately captured [54,57,60,61,63]. One study adopts a feature
extraction approach, analyzing wrist acceleration to better characterize the patterns of
abrupt movements and thus improve their detection accuracy [63]. In the other four studies,
inertial sensors are combined with AI techniques, demonstrating their effectiveness in
detecting abrupt movements and enhancing safety systems for human–robot interaction in
industrial settings [54,57,60,61]. Despite their promising performance, AI-based approaches
may present some limitations when applied to abrupt movement detection. In particular,
these methods often rely on the availability of sufficiently large and representative datasets
for training. In industrial environments, collecting such datasets may be challenging due to
the variability of tasks and operator behaviors. Moreover, models trained under specific
experimental conditions may face difficulties in generalizing to different workspaces or
interaction scenarios. Finally, the limited interpretability of some machine learning models
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may reduce the transparency of the decision-making process, which can be a relevant
aspect when safety-critical events are involved [82].

Clear patterns emerge: the choice of approach and technology is strongly influenced
by both the focus of the analysis and the agent responsible for the abrupt movement. Video
systems, for example, are used exclusively during the prevention stage of robot abrupt
movements, as they provide valuable information about the shared workspace. In contrast,
inertial sensors are used solely for the detection of human abrupt movements, enabling
real-time monitoring that does not interfere with the operator’s tasks or natural motion.
During the reaction phase, physiological sensors become crucial to monitor the human
response to robot abrupt motion. Motion control strategies, instead, are employed only
for the prevention of robot abrupt motions, since they directly act on the robot to avoid
unexpected behavior. AR/VR headsets are adopted only when the abrupt movement
originates from the robot, supporting its control while also assessing how humans perceive
unexpected robot actions. Finally, AI-based identification is applied exclusively in the con-
text of abrupt human movements, as it enables the real-time identification of characteristic
movement patterns.

It is worth noting that the reviewed studies exhibit different levels of technological ma-
turity, ranging from simulation-based approaches [59,62,64] to controlled laboratory experi-
ments [53,54,56–58,60,61,63,65,67]. All studies so far focus on these early-stage evaluations,
with none addressing real-world validation in collaborative scenarios. This highlights a
clear direction for future research to test these approaches and technologies in realistic
industrial environments.

4. Conclusions
This narrative review provides a comprehensive overview of abrupt movements in

human–robot interaction scenarios. A total of thirty-two papers addressing the concept
of unexpected motion from different perspectives were identified through a structured
literature investigation and categorized according to their intended use and the morpho-
logical type of the robot. Based on this classification, the scope was further narrowed to
thirteen articles specifically focusing on abrupt movements occurring during interactions
between human operators and manipulators in industrial settings. From these studies, the
main aspects associated with abrupt movements were identified and analyzed, including
publication year, research objective, agent performing the abrupt movement, causes of the
movement, focus of the analysis, practical approaches adopted, and supporting technolo-
gies. This structured analysis allowed for the systematic characterization of the current
research landscape on abrupt movements in collaborative human–robot environments.

The literature review highlights that abrupt movements, whether generated by hu-
mans or robots, play a crucial role in ensuring safety within shared workspaces. However,
the analysis also reveals that existing studies tend to investigate robot abrupt motions
mainly from a unilateral perspective. In particular, most research focuses on causes not
directly related to the interaction with the human operator. Investigating how abrupt
movements may arise from mutual dependencies between human and robot behavior
represents an important research opportunity for future studies. Moreover, none of the
reviewed studies explicitly considers the influence of environmental factors on robot abrupt
motions. Since collaborative workspaces are dynamic environments in which multiple
elements coexist, understanding how external conditions may affect robot behavior could
provide valuable insights for improving the robustness of collaborative systems.

Another relevant observation concerns the different strategies adopted to address
abrupt movements depending on the agent involved. In the case of robot abrupt motions,
most studies focus either on preventing the unexpected movement before it occurs or on
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analyzing the reaction of the human operator after its occurrence. Consequently, research
efforts typically follow two complementary directions. On the one hand, preventive
strategies aim to reduce the likelihood of unexpected robot behavior through improved
control algorithms and motion planning techniques. On the other hand, when abrupt robot
movements occur, it becomes essential to analyze their impact on human perception and
interaction quality. Robot abrupt motions not only represent a physical safety issue but
may also influence operator perception and trust toward robotic systems. Understanding
these psychological responses is therefore essential for designing collaborative systems
that remain both safe and acceptable for human workers. Studies addressing human
abrupt movements adopt a different perspective, typically focusing on detecting the motion
shortly before or during its occurrence. Since early intervention is preferable from a safety
perspective, detection approaches should operate in real time in order to enable prompt
and effective responses. However, only one study attempts to predict abrupt human
movements, indicating that prediction remains a largely unexplored aspect that deserves
further investigation. At present, the combination of artificial intelligence techniques and
inertial sensing technologies represents the most frequently adopted solution for real-
time detection. Although these technologies are non-invasive and suitable for industrial
environments, their potential for detecting and predicting abrupt movements could be
further explored, particularly through the integration of multiple sensing modalities and
analytical approaches.

The conducted analysis also highlights several technological and methodological
challenges that open important directions for future research. One key challenge concerns
the development of reliable detection and prediction methods capable of operating in
real-time collaborative environments. Achieving an effective balance between detection
accuracy and computational efficiency remains particularly critical in industrial scenarios
where safety mechanisms must respond with minimal latency. In addition, the increasing
use of artificial intelligence techniques introduces challenges related to data availability,
model generalization across different working conditions, and the interpretability of AI-
based decision processes, especially when safety-critical events are involved.

Beyond the technical challenges associated with detecting and managing abrupt move-
ments, future research should also consider the broader ethical and regulatory implications
of unexpected behavior in human–robot collaboration. Abrupt robot motions may generate
safety-critical situations, potentially leading to collisions or hazardous interactions, raising
questions about responsibility attribution among system designers, operators, and manu-
facturers. Current safety frameworks for collaborative robotics, such as ISO 10218-2:2025,
define safety requirements for the integration and application of industrial robot systems,
providing guidelines for safe HRI [83]. However, the increasing autonomy and adaptabil-
ity of collaborative robots may require further refinement of these standards to address
unpredictable behaviors and their implications for liability and trust in shared workspaces.

Finally, the growing relevance of Industry 5.0 reinforces the importance of human-
centered industrial systems in which safety, transparency, and worker well-being represent
fundamental design principles. In this context, future research would benefit from stan-
dardized experimental protocols specifically designed to generate and assess abrupt events
in collaborative tasks, for example, through controlled perturbations, sudden robot tra-
jectory changes, or task-induced human reactions under realistic industrial constraints.
Moreover, the development of multimodal sensing frameworks combining inertial, vision-
based, force, and physiological data could improve both the robustness and interpretability
of abrupt-event analysis. On the methodological side, promising directions include the
use of hybrid model-based and data-driven approaches, capable of combining physical
consistency with adaptive learning, as well as closed-loop control architectures that directly
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link abrupt-event detection to real-time robot behavior adaptation. Finally, validation in
ecologically valid industrial scenarios remains essential to assess the real applicability of
these solutions in human-centered collaborative environments.
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