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Human Motion Capture for Physical Human-Robot Interaction:
A Systematic Review

Jayan Greenwood , Vincent Crocher , Denny Oetomo , Ying Tan

Abstract—This paper systematically reviews state-of-the-art
motion capture systems in the context of physical Human-Robot
Interaction (PHRI), where humans and robots are in
direct physical contact and motion sensing directly affects
control stability, interaction safety, and task performance. As
robots are increasingly deployed in industrial and healthcare
settings that require close and continuous human contact,
reliable real-time estimation of human motion has become
a critical bottleneck for safe and effective PHRI. However,
existing motion capture solutions for PHRI are reported
across disparate research communities—including robotics,
biomechanics, computer vision, and wearable sensing—using
inconsistent assumptions, evaluation metrics, and experimental
contexts, making it difficult to compare methods or identify
general design principles. This fragmentation motivates the need
for a systematic review. Accordingly, 54 studies were analysed,
as selected from an initial pool of 4,406 manuscripts, that
focus on implementations and evaluations of human motion
capture for kinematic analysis in PHRI scenarios. The findings
show that current approaches predominantly rely on wearable
or vision-based systems, despite persistent limitations related
to occlusion, environmental sensitivity, calibration burden,
and cost. While some studies exploit the robot itself as
a high-fidelity sensing platform, the integration of robotic
sensing into multi-modal sensor fusion frameworks remains
underdeveloped, despite being well established in other areas
of robotics. In addition, the lack of standardised evaluation
protocols limits meaningful cross-study comparison. Overall,
this review highlights the need for motion capture solutions
that integrate robotic and complementary sensing modalities
through robust sensor fusion, alongside standardised evaluation
methodologies, to enable reliable and scalable motion estimation
in real-world PHRI applications.

Index Terms—human kinematics, motion capture, physical
Human-Robot Interaction (pHRI), systematic review

I. INTRODUCTION

PAST the stage of full task automation, robots are
increasingly implemented in close physical contact to

humans, sharing the execution of a task while occupying a
shared space. This physical contact typically manifests through
wearable robotic attachments on the user’s limb(s), namely
exoskeleton-type robots, and with co-manipulator systems
in direct physical contact or indirect sharing of a tool/load
with a human cooperator. Such physical Human-Robot
Interaction (PHRI) has applications in industry contexts,
performing an assistive role in increasingly close proximity
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with a human user [1], and in healthcare, through surgical
co-manipulation [2]–[5] and physical rehabilitation [6]–[8]
in particular. Industrial and surgical applications share an
objective of dividing a task between the operator and
robot, taking advantage of both agents’ best abilities.
Rehabilitation, however, sees the robot as a tireless clinician,
providing consistent feedback to patient and clinician alike.
Irrespective of domain, PHRI scenarios necessitate safe and
efficient control of the robot, which requires knowledge and
understanding of the human behaviour and possibly their
intention.

One fundamental element of human behaviour is the human
body kinematics, both posture and movement. Capturing this
information, termed “human motion capture”, is particularly
useful for the evaluation of human actions; for example, the
ergonomics of a task can be evaluated to limit the possible
strain induced. In the specific case of rehabilitation, the actual
kinematic behaviour of the patient is of primary concern. It
is relevant for online and offline evaluation to both adapt the
robotic assistance and monitor the patient’s progress [9]. The
consideration of human kinematic information can allow the
robot to react to human movement patterns that are not directly
controlled or measured by the robot kinematics. The human
kinematic can also complement the estimation of interaction
forces, helping to decipher how they are or can be produced
by the human (e.g. via the expression of manipulability
ellipsoid or anticipation of foot-ground contact). In other PHRI
applications, analysing the past, current and estimated future
human postures can suggest the user’s intention; all of which
can be employed to inform the robot’s actions or how it adapts
to human behaviour. This, in particular, is often essential to
avoid any harmful contact with the user [10] or improve the
appropriateness of robot behaviour.

Indeed, while kinematic information for the robotic device is
generally readily available with high accuracy, precision, and
temporal resolution, the human pose is by default unknown or
uncertain in most PHRI: unlike robotic devices with internal
sensors, there is no direct method of obtaining measurements
for human motion [11], [12]. In the case of PHRI, the robot
and human are physically connected, but any mapping between
the robot information and human kinematics is a mere estimate
of the true joint motion: external sensors cannot align perfectly
with human joints, and models based on interaction contact
are incomplete with respect to the kinematic redundancy of
the human body [13], [14]. This uncertainty is particularly
concerning when motion capture is applied to control a robot
device in close proximity to humans: here, there is an increased
criticality for robots to be able to respond reliably, accurately
and fast in order to avoid restrictive, uncomfortable or even
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dangerous interactions [10], [15], [16].
Motion capture techniques are well-researched for the

estimation of human motion through the use of wearable
or vision sensors [9], [17]–[27]. However, the application
of human motion capture in PHRI contexts is scarce [16],
[28]–[30], with suggestions that PHRI constrains the
practicability and efficacy of traditional motion capture
techniques.

The de facto industry standard is optoelectronic
Marker-Based Motion Capture (MBMC), such as Vicon
[31] and OptiTrack [32], where small retroreflective markers
are placed on the skin and tracked using infrared sensors.
While highly precise, these systems are often inaccessible
[33]–[35] for PHRI settings. Markerless Motion Capture
(MMC) is a practical alternative that purely considers the
visual information from cameras to produce estimations of
the human pose [36]. However, the physical presence of the
robotic device, the operator or therapist and other equipment
could pose a challenge for these vision-based systems,
marker-based or markerless alike.

Inertial sensors such as Inertial Measurement Units (IMUs)
can be attached to body segments to measure acceleration and
angular velocity [37], yet suffer from degrading performance
over time [38] and susceptibility to disturbances [39].
Electromyography (EMG) sensors measure muscle activity,
which can be translated to kinematics; however, the nature
of robotic assistance can affect human muscle activity
and, subsequently, the accuracy of EMG systems [40].
Additionally, both these systems require wearable attachments
to the body, which is more intrusive and requires involved
calibration and setup [38].

Despite these complications, PHRI scenarios also present
an interesting opportunity for motion tracking: robotic devices
provide accurate and reliable measurements of internal
configurations which are partially shared with the human at
the interaction point(s). Such accurate measurement could
thus potentially be leveraged to improve the performance or
robustness of current motion capture systems. Specifically, the
physical contact and interaction between human and robot may
provide useful information for supplementing or constraining
the human kinematics estimated by motion capture. Finally,
it’s important to note that PHRI applications may benefit from
a fast, online (i.e. real-time) human kinematics estimate such
that it can be used as an input to the robot control loop.
Still, existing motion capture systems, not leveraging internal
robot sensor information, are generally limited to a few hertz
or require post-processing to improve their accuracy, making
them insufficiently responsive for such use.

As such, PHRI is a specific motion capture context with
unique challenges and opportunities. This literature review
thus looks to answer the following three research questions
to explore this specificity.

• To what extent is human motion capture negatively
affected by PHRI involvement, and what subsequent
specific challenges currently exist?

• What techniques currently exist for human motion
tracking in PHRI contexts?

• Can the additional external kinematic information
provided by robotic devices be leveraged to improve the
robustness or accuracy of human motion capture systems?

II. METHOD

A. Search strategy
A total of two databases (IEEE Xplore and PubMed) and

the meta-database Engineering Village (including Compendex
and Inspec) were used for this review. IEEE Xplore and Eng.
Village were used to capture all engineering literature as the
review is primarily concerned with motion capture in robotics
applications; while PubMed was used to capture all possible
clinical and biomechanical applications.

The key search parameters were the phrases “human
motion capture”, “human kinematics” and “physical human
robot interaction”. In this review, “human motion capture” is
defined as a system for capturing (or sensing) the movement
of a human subject. Other technologically synonymous
techniques include the localisation or tracking of a human’s
motion or skeleton. Search was defined such that motion
capture is not limited to specific body segments or joints;
however, recognition, detection and identification of people
or gestures were excluded as classification of movement
does not provide quantitative and explicit characterisation
of motion. Similarly, the phrase “human kinematics” and
any functionally synonymous terms were included to capture
studies involving a specific analysis of human movement
(i.e. which aim to measure joint positions and/or orientations).
There is no standardised or widely adopted set of terminology
for the nature of human-robot interaction. As such, to capture
“physical human robot interaction” as defined previously, the
search was semantically broadened to include implementations
of robots that could be applied to physically interact with (or
contact) humans, as well as domains that inherently involve
PHRI, such as cobotics, exoskeletons, wearable robotics and
assistive robotics.

The key search parameters and their respective synonymous
terminologies were combined into a single boolean search
query (translated for specific search databases), reflecting the
requirements for human motion capture, human kinematics
and physical human-robot interaction. Where possible,
proximity search operators were included within two words
for synonymous phrases.

The full search tree and the specific search queries used for
each database can be seen in Appendix A.

B. Manuscripts selection
Following source identification using the search strategy

above, the obtained manuscripts were subsequently screened
according to the following inclusion and exclusion criteria:

• human motion capture:
+ sources must involve the capture of human motion

via sensing devices
– omit sources with a focus on identification,

recognition or detection of people, faces or gestures
• kinematic analysis:
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+ sources must perform kinematic analysis on retrieved
human motion

– omit sources that solely perform other analyses, such
as human kinetics

• physical human-robot interaction:
+ sources must involve the direct physical interaction

between a robotic device and a human subject
+ physical interaction should be continuous at one or

more points on the body
– exclude handover tasks and non-contact interaction

modes (e.g. audio, gaze)
• contribution:

+ sources make a contribution to human motion
tracking for PHRI: develops, validates, or evaluates
an implementation of motion capture in a PHRI
context

Screening was performed by a single reviewer (JG)
according to the inclusion/exclusion criteria, with uncertain
cases discussed with two additional authors (VC and DO). To
mitigate the risk of false negatives, a second reviewer (VC)
independently screened a random 10% sample of sources.

C. Data extraction
Data was manually extracted and coded by one of the

authors (JG) and discussed among the authors in cases of
doubt. The extraction targeted five categories that covered both
the motion tracking technique and methodology, as well as the
related experimental evaluation where included.

• The nature of the physical human-robot interaction: the
classification of the robot involved, the proximity of the
contact, and the application of the technology;

• The human motion capture system: the specific sensing
system used to capture the movement of a human
subject, including the type of sensors and their spatial
arrangement around or on the subject;

• The kinematics modelling techniques: the techniques
used to determine human kinematics from the sensor
data, including constraints and assumptions (detailed in
Table I), and methods of fusing different measurements;

• The focus of analysis: the outcomes of the kinematic
modelling, namely how the outputs are represented and
for which part of the human subject’s body;

• The validation and evaluation: the methodology or system
used for validating or evaluating the motion capture
technique, and specific experimental results.

III. RESULTS

A. Search and selection overview
The search was conducted on 27 August 2025 and yielded

4,406 records. After removing 1,266 duplicates, 3,140 records
were screened, of which 2,989 were excluded as irrelevant
and 4 were not retrievable. The eligibility of the remaining
153 full-text reports was assessed by the first reviewer (JG),
with uncertain cases discussed among all authors. Studies
were excluded for not implementing human motion tracking
with appropriate validation, not involving a robotic device in

continuous physical contact with a human, or not explicitly
estimating joint kinematics. No disagreements were identified
in the random sample independently screened by a second
reviewer (VC). In total, 54 studies met the inclusion criteria
and were included in the review (Fig. 1). Although the
retention rate was low (1.2%), the search strategy intentionally
used broad queries to account for inconsistent use of PHRI
terminology (see Section IV-E).

(n = 1591)
(n =   630)
(n = 2185)
(n = 4406)

RECORDS IDENTIFIED FROM:
IEEE 
PubMed 
Engineering Village
Total

(n = 1459)
(n =   624)
(n = 1598)
(n = 3140)

RECORDS SCREENED:

IEEE 
PubMed 
Engineering Village
Total

(n =   75)
(n =   38)

(n =   124)
(n = 157)

REPORTS SOUGHT FOR RETRIEVAL:

IEEE 
PubMed 
Engineering Village
Total

(n =   75)
(n =   38)

(n =   120)
(n = 153)

REPORTS ASSESSED FOR ELIGIBILITY:

IEEE 
PubMed 
Engineering Village
Total

(n = 29)
(n = 21)
(n = 44)
(n = 54)

STUDIES INCLUDED IN REVIEW:

IEEE 
PubMed 
Engineering Village
Total

(n = 29)
(n = 21)
(n = 44)
(n = 54)

REPORTS OF INCLUDED STUDIES:

IEEE 
PubMed 
Engineering Village
Total

(n = 1266)

(n = 1266)

RECORDS REMOVED
Duplicates

Total

(n = 1384)
(n =   586)
(n = 1474)
(n = 2983)

RECORDS EXCLUDED:

IEEE 
PubMed 
Engineering Village
Total

(n = 0)
(n = 0)
(n = 4)
(n = 4)

REPORTS NOT RETRIEVED:

IEEE 
PubMed 
Engineering Village
Total

(n = 38)                                     

(n = 48)                            

(n = 21)

(n = 97)

REPORTS EXCLUDED:

Missing/insufficient 
evaluation of human 
motion capture
No continuous contact 
with a robotic device
No joint kinematics 
analysis
Total

Fig. 1: PRISMA diagram for the search results. Duplicate
records are counted in each database subtotal; totals refer to
the number of distinct records.

TABLE I: Description of assumptions extraction

Assumption Description

H

S
T

Assumption that the sensor-human transformation(s)
is rigid and known.

H

R
T

Assumption that the robot-human transformation(s)
is rigid and known.

MP (motion
priors)

Requirement for subject-specific movements or poses
for model training, initialisation or calibration.

PM (prior
measurement)

Requirement for subject-specific morphological
measurements e.g. segment lengths or height.

CK (constrained
kinematics)

Assumption of fixed or known human kinematic
information, e.g. fixed or stationary joints.
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TABLE II: Motion capture implementation details

Assumptions
Source Motion capture approach H

S
T

H

R
T MP PM CK Kinematics focus

SINGLE MODALITY (EXCLUDING ROBOT)

[43] RGB-D IKMMC
YOLOv8s θ F (b)

[44] RGB-D MMC
Theia3D θIK H(far)K(far)A(f)

[45] IR MBMC
(BTS) x X A(x)

[46] RGB- D θKinect IK S(far)E(f)

[47] RGB- D θ lKinect IK E(f)

[48]
RGB- D θKinect

IR

IK
MBMC

(OptiTrack)
IK θ X S(f)T (b)K(f)

[49] RGB Optical flow θ X S(far)

[50] IMU θIK∫ X E(f)

[51] IMU θIK∫ X X T (fbr)

[52] IMU θ∫ IK X H(f)K(f)

[53] IMU θ∫ IK X L(f)H(f)K(f)A(f)

[54] IMU θ∫ IK X X S(far)E(f)

[55] IMU θIK∫ x X W (x)

[56] IMU pEstimator X W (p)

[57] IMU ML
TCN, LTSM, WMSA θ X A(f)

[58] IMU DMP θ∫ X X H(f)K(f)

[59] EMG θML 
(transformer) X X H(f)K(f)

[60] EMG θML
(CNN- LTSM) X X H(f)K(f)

[61] EMG θML
(CNN- LTSM) X X A(f)

[62] EMG θML

(PSO- LTSM) X X K(f)

[63] EMG θML
(CWT- BPNN) X X E(f)

[12] GONIO† θ X S(§)

[41] GONIO† θ X W (f)

[42] GONIO† θ X X E(f)

MULTIPLE MODALITIES (EXCLUDING ROBOT)

[13]
IMU

θ
∫

MARG IKEKF

x X X X S(farx)E(f)W (s)

[64]
IMU θ∫

Force

IK ML 
(transformer) X H(f)K(f)

[65]
IMU θ∫

EMG

IK

KF X X E(f)

[66]
IMU θ∫

EMG

IK

EKF X X X K(f)

[67] VR* xVR

(HTC Vive) X W (x)

(continued on next page)
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ROBOT ALONE

[68] EXO θEncoder X W (fds)

[69] EXO θEncoder X K(f)A(f)

[70] EXO θEncoder X S(far)E(f)W (fds)

[71] EXO θEncoder X S(fa)E(f)W (s)

[72] EXO θEncoder X W (fd)

[73] EXO θEncoder X S(§)E(f)W (s)

[74] EXO θEncoder X X E(f)W (fs)

[75] EXO θEncoder X X F (§)

[76] EXO θEncoder X X S(far)E(f)W (fds)

[77] EXO θEncoder X A(fer)

[78] EXO Lookup table θ X F (b)

[79] EXO θPressure ML 
(clustering) X X H(f)

[80] END
EFFECT p v θParticle filter IK X X X S(far)E(f)W (fds)

[81] END
EFFECT p θIK X X X S(far)E(f)W (s)

[82] OTHER 
DATA

θEND
EFFECT IKp

X X T (p)

ROBOT + OTHER MODALITY

[83]
IMU θ∫
END 

EFFECT

IK

x X X X X S(far)EW (fd)

[84]
IMU θ∫
END

EFFECT

IK

p v X X X X S(far)E(f)W (fds)

[85]
IMU θ∫
END

EFFECT

IK

p x X X X X S(far)E(fx)W (fdsx)

[11]
IMU θ∫
END

EFFECT

IK

p v x X X X X S(far)E(f)W (fdsx)

[86]
IMU x∫
END

EFFECT IKp θ X X X X S(farx)E(f)W (s)

[87]
IMU θ∫
END

EFFECT

IK

p x X X X S(x)E(fx)

[88]
IMU θ∫

ROBOT

IK

X X X H(f)K(f)A(f)

[89]
IMU θ∫

EXO

IK

X X K(f)

[14]
RGB- D θKinect

END
EFFECT

IK

p X X X X S(fa)E(f)

[90]
RGB- D θColoured 

markers

EXO

IK

p X X S(far)

System coding: x - joint position, ✓ - joint angles, p - pose, v - velocity,
R

- numerical integration, IK - inverse kinematics
Assumptions: detailed in Table I, where Xindicates an assumption made/required by the respective study
Joints coding: S - shoulder, E - elbow, W - wrist, F - hand/fingers, T - torso, L - lumbar, H - hip, K - knee, A - ankle
Joint kinematics coding: f - flexion/extension, a - adduction/abduction, r - rotation (i.e. internal/external), d - radial/ulnar

deviation, s - supination/pronation, e eversion/inversion, b - bending, x - position, p - pose
Notes: * VR systems include inertial, lighthouse, and vision techniques. § Non-standard/other anatomical descriptions of joint

angles. † Gonio refers to electronic goniometer through resistive [12], [41] or capacitative [42] sensing.
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B. PHRI applications of motion capture
Fig. 2 provides details of the type of interaction and intended

application of each paper, where a large proportion focused on
rehabilitation [11]–[14], [41]–[47], [52], [54], [55], [57]–[66],
[68], [70]–[74], [76]–[79], [81], [84]–[88], [90], followed
by assistive (i.e. augmenting motion for non-rehabilitation
scenarios) [51], [53], [56]–[58], [65], [69], [77], [79], [81],
[89] and industrial applications [42], [48], [56], [67], [79],
[80], [82], [83].

34 4

5
1

1

1

1

4

3
REHAB

40
11

8

4

ASSISTIVE

INDUSTRY

OTHER

Fig. 2: Application of PHRI with domain totals in white (full
circle) and the subsets totals in their respective colours.

Of the 54 studies, 33 involved robotic exoskeletons [12],
[42], [44], [45], [47], [48], [50], [52]–[55], [57]–[62], [64],
[65], [68]–[79], [89], [90] and 17 involved end-effector
robots [11], [13], [14], [46], [49], [56], [63], [66], [67],
[80]–[87]. Other studies featured a robotic verticalisation
bed with additional function to mobilise the legs [88], a
robotic wheelchair [51], and soft-robotic actuators [41], [43].
Almost all included works focused on the direct interaction
between a human and a robotic device, with only one studies
involving indirect contact, i.e. through a rigid object (co-lifting
application) [56].

C. Challenges for current motion capture in PHRI
The development of human motion capture techniques for

kinematics analysis is largely motivated by the shortcomings
of current technologies and techniques.

Some motion capture systems are deemed not sufficiently
accurate for PHRI contexts [44], [57], [76], [80], [85],
[87], [91]. In particular, vision-based systems are subject to
occlusions and environment variables [14], [48], [52], [53],
[56], [69], [70], [76], [80], [82], [83], [87], [92] such as
inconsistent lighting, clothing and the capture space; inertial
devices suffer from drift and magnetic disturbances, and
require calibration [76], [83], [85]; and the modelling required
for EMGs can introduce noticeable decrease in temporal
resolution [59]. The high cost of such systems [11], [44],
[47], [51], [69], [73], [85], [87], combined with an involved
setup/calibration [11], [14], [44], [45], [52], [73], [76], [80],
[82], [87] or post-processing [44], [45], [69] requirement, are
a major dissuasion for the adoption of motion capture systems.

Additionally, with respect to a PHRI context, the
presence of the robot itself impacts the effectiveness of
motion capture [45], [48], [53], [67]. With exoskeletons,
the misalignment between sensors and the human joints,
contributes to inaccurate joint pose estimation and damage

to the human arm [11], [14], [44], [68], [72], [76],
[78], [81], [85], [87]–[90]. Exoskeleton, inertial and EMG
sensing systems alike can be obtrusive or influence natural
movement [11], [43], [46], [51], [53], [61], [72], [73], [75],
[76], [80]–[82], [87]. To calibrate such systems, patients
are often required to perform specific motions or postures,
which is not suitable for those with motor impairments [90],
while EMGs systems also suffer from high inter-subject
variability [60].

Methods for attending to such shortcomings have employed
simplified models or assumptions that do not necessary hold
in real-world scenarios [11], [73]: in particular, assumptions
on the body pose (particularly the shoulder and upper arm
for upper body) [13], [14], [72], [87] and the requirement of
information that is not available in clinical contexts, such as
known anatomical joint centre positions or initial poses [76].

D. Motion capture implementation
Table II provides the implementation details of the human

motion capture systems employed.
1) Body focus: The majority of studies focused on

tracking the kinematics of the upper body, looking at various
combinations of shoulder, elbow and wrist joint angles and
positions. Sixteen studies focused on the lower body, for
analysis of the hip, knee and/or ankle. Few studies looked
at other kinematics such as for the torso, lumbar or fingers.

2) Sensing modalities and use of robot measurement:
Twenty-four studies used a single motion capture modality,
with the most popular choice being inertial sensors. Overall,
22 studies used IMUs in a single-sensor configuration attached
to the arm [11], [13], [84]–[87], chest [51] or wrist [56],
or with multiple sensors placed on the upper body [50],
[54], [55], [65], lower body [52], [57], [58], [64], [66], [89],
whole body [53], [67], [83], or robot [88]. Eleven studies
used vision-based tracking sensors to capture motion requiring
physical attachments to be fixed to the user: three sources
used marker-based methods for identifying landmarks attached
to the human body, with an optoelectronic [45], [48] or a
virtual reality tracking system [67]. In contrast, the remaining
eight vision-based studies chose MMC that detects human
joint positions from 2D images using computer vision and
machine learning techniques with Red-Green-Blue (RGB)
[44], [49] or Red-Green-Blue-Depth (RGB-D) cameras [14],
[43], [46]–[48], [90], most of which using the Microsoft
Kinect V2 sensor and Kinect MVN. Six studies attached EMG
sensors to the upper body [60], [63] or lower limbs [59], [61],
[62], [66]. The remaining systems featured a vertical ground
reaction force sensor [64], soft position sensor to map bending
to joint angle [42], and flexible resistive sensors attached to
the shoulder to provide an estimate of shoulder angles [12] or
attached within a glove to measure wrist flexion [41].

Twenty-five studies leveraged the robot interaction, to
obtain additional information from the robots’ internal sensors.
End-effector robots provided information for the subject’s
point of contact (typically the forearm or wrist) with position
[11], [14], [80]–[87] or velocity [11], [80], [84]. Exoskeletons
are commonly used to provide estimates of human joint angles
through encoders at the robot joints [68]–[78], [89], [90].
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In addressing the technical shortcomings of particular
sensing systems, some studies combined the information from
multiple different sensors. [67] used both IMUs (Xsens)
attached to the whole body in conjunction with HTC Virtual
Reality (VR) trackers, fusing visual and inertial information.
More interestingly for PHRI applications, nine studies
combined robot localisation information with external sensors.
Here, inertial data [11], [83]–[87] and vision data [14] were
employed to augment or supplement the localisation provided
by end-effector robots. Given the more extensive human
localisation provided by exoskeletons (despite misalignment
issues), only three studies augmented this information with
either vision or inertial data [88]–[90].

3) Modelling assumptions: Most studies relied upon
modelling simplifications and assumptions in order to
overcome incomplete observability of the human kinematic
chain (see Table II). Thirty-two studies assumed a known, or
prior measured, position of the sensor system with respect
to the human anatomical joints or segments, in particular
with wearable sensors. Twenty-nine studies made assumptions
on the physical human-robot interaction, assuming a known
robot pose relative to human joints or segments and a rigid
connection. Fourteen studies involved systems that required
specific movements or poses to be performed prior for training,
calibration or initialisation of the motion capture system.
Thirteen studies assumed known segment lengths, requiring
prior measurement of each human subject. Only one study
proposed methods for determining segment lengths online
for use in modelling the human kinematics [80]. Thirteen
studies made assumptions on the pose of the human subject,
constraining the kinematics by assuming a known or fixed
joint.

E. Experimental evaluation

Table IV summarises the experimental evaluation of the
motion capture of the different studies. Most studies included
human trials to experimentally evaluate the performance of a
human motion capture system; however, trials were largely
conducted in ideal conditions with a limited number of
human subjects. Additionally, several failed to report sufficient
protocol details such as number of subjects [41], [43], [46],
[50], [52], [55], [56], [66], [67], [83]. Two studies provided
simulation results only [84], [90].

The majority employed MBMC systems for ground truth
measurements of joint positions and angles. Others employed
more rudimentary measurement systems such as goniometers,
auxiliary sensors (i.e. additional IMUs) or the robotic
device as the ground truth. Most studies reported results
as standard metrics, primarily as an Root-Mean-Squared
Error (RMSE) (29 studies), a Pearson’s correlation (CORR)
between measures (10 studies), difference in Range Of Motion
(�ROM) (6 studies) or occasionally as Mean Absolute Error
(MAE) (5 studies). Still, several studies failed to report any
meaningful numerical analysis relevant to human kinematics.

Some studies devised protocol for comparing different
motion capture methods against a shared ground truth,
whereby a proposed system and setup is operated

TABLE IV: Experimental evaluation details

Source Subjects Ground truth Methods
comparison

Metrics

[90] N/A N/A - RMSE
[84] N/A N/A - RMSE
[43] nd - - None
[83] nd - - None*
[56] nd - - MAE*
[66] nd - Fusion models RMSE
[41] nd MBMC (Vicon) - RMSE
[55] nd MBMC (Vicon) - MAE
[46] nd MBMC (Vicon) - None
[52] nd MBMC (Vicon) ML models RMSE CORR
[67] nd Robot - RMSE None
[49] nd Robot RGB sensors CORR
[50] nd Other sensors (IMU) - Other
[48] 1 Goniometer - None
[79] 1 Goniometer - RMSE*
[62] 1 Goniometer - RMSE
[45] 1 MBMC (BTS) - RMSE
[81] 1 MBMC (Qualysis) - MAE
[71] 1 MBMC (Vicon) - RMSE
[86] 2 MBMC (OptiTrack) - RMSE
[77] 2 MBMC (Vicon) - RMSE
[47] 2 Exoskeleton - Other
[44] 2†§ MBMC (Vicon) - MAE
[89] 3 MBMC (MAC3D) Exoskeleton,

IMU
None*

[69] 3 MBMC (Vicon) - CORR
[42] 3 MBMC (OptiTrack) - RMSE
[82] 3 MBMC (OptiTrack) - None*
[61] 4 MBMC (Vicon) - RMSE
[13] 4 MBMC (OptiTrack) - RMSE �ROM
[76] 4 MBMC

(Codamotion)
Exoskeleton RMSE �ROM

CORR
[74] 4 MBMC (Polaris) - RMSE �ROM
[87] 5 MBMC (colour) - Median
[75] 5 MBMC (Vicon) - MAE
[57] 5 MBMC (PST Pico) ML models RMSE CORR

MAE
[59] 5 Other sensors (IMU) ML models RMSE CORR
[65] 5 Exoskeleton - RMSE
[58] 5 - Filter methods MAE
[11] 4, 2† MBMC (Smart-D) - RMSE*
[64] 7 Other sensors (IMU) - RMSE
[14] 8 MBMC (Vicon) Kinect RMSE
[70] 8 MBMC (Vicon) - �ROM
[51] 8 MBMC (Qualysis) - RMSE
[54] 8 MBMC (Qualysis) - RMSE
[80] 8 MBMC (OptiTrack) IK methods Other*
[78] 8 MBMC (colour) - Other
[72] 9 MBMC (OptiTrack) - RMSE
[73] 9 MBMC (OptiTrack) - RMSE CORR
[12] 10 MBMC (OptiTrack) IMU Other
[60] 10 Other sensors (IMU) ML models RMSE CORR
[63] 10 Goniometer - RMSE
[85] 7, 3† MBMC (OptiTrack) - RMSE CORR
[88] 12 MBMC (Vicon) - RMSE �ROM

CORR
[53] 12 MBMC (Vicon) - RMSE CORR
[68] 12 MBMC (Vicon) - �ROM

Subjects: “N/A” refers to simulation only without physical validation. “nd”
refers to internal testing only where participants are not described. Multiple
values indicates seprate experiments. † Patient with neuromotor disorder, §
Child participant (<12 years old)
Methods comparison details the other approaches tested and validated against
the proposed method.
Metrics: “None” refers to missing relevant metrics for kinematics analysis.
“Other” refers to non-standard metrics of kinematics evaluation. * Relevant
numerical results are missing or poorly displayed.
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simultaneously with a baseline system such as IMU [12] or
exoskeleton joint encoders [76], [89]. One studies reported
comparisons of the individual constituent sub-systems or
sub-algorithms in addition to the full proposed motion capture
systems, specifically focusing on permutative configurations
of MMC and robot pose information [14]. Similarly, some
studies compared different modelling techniques, such as with
EMG-based kinematics estimation [52], [59], [60] and inverse
kinematic algorithms [80]. It should be noted, however, that
as there is no consistent or standardised experimental protocol
and analysis techniques between the included studies, no
meaningful cross-study comparisons can be made.

See Supplementary Materials for full data extraction table.

IV. DISCUSSION

The studies included in this review encompass a broad
range of robotic systems and experimental configurations.
Robotic devices differ substantially in morphology, scale,
actuation, and degrees of freedom, with representative
examples shown in Fig. 3. This heterogeneity introduces
system-specific constraints on human motion capture, as robot
geometry and dynamics shape occlusion patterns, limit the
feasibility of particular sensing modalities, and introduce
interaction-induced disturbances that propagate into kinematic
reconstruction.

Beyond robot design, PHRI inherently couples motion
capture performance to the operational context in which
interaction occurs. Motion capture may be deployed in
environments such as physiotherapy clinics, industrial
workspaces, or domestic settings, each imposing distinct
constraints on sensing infrastructure, capture volume, and
environmental robustness. These contextual factors directly
influence which sensing architectures can be reliably integrated
into the human-robot control loop. Moreover, the PHRI
application defines the structure of human behaviour and
task execution: controlled, repetitive movements performed
from quasi-static base positions—typical of rehabilitation
scenarios—permit simplified kinematic assumptions, whereas
unstructured actions in dynamic or unsupervised environments
require motion capture systems that are resilient to variability,
occlusion, and non-stationarity.

Considering these observations, human motion tracking in
PHRI cannot be treated as a context-independent problem.
Effective motion capture must account for the interaction
between sensing modality, robot morphology, task structure,
and environmental constraints. This context-dependence is
reflected in practice: most studies included in this review
(74%) focus on rehabilitation applications, where controlled
task settings and predictable human movements both facilitate
kinematic reconstruction and demonstrate how application
constraints directly shape sensing strategies, which are critical
for closed-loop robotic control and objective assessment of
motor performance and recovery.

To organise the discussion of the reviewed literature, four
key themes are identified that capture the major challenges
and opportunities in human motion capture for PHRI: (A)
the limitations of current motion capture techniques in

PHRI contexts, (B) the potential of robotic systems to
provide complementary information for human kinematic
reconstruction, (C) the need for developing multi-modal sensor
fusion strategies in PHRI, and (D) the lack of standardised or
context-relevant evaluation approaches.

(a) End-effector arm robot,
adapted from [81]

(b) End-effector planar robot,
adapted from [13]

(c) Robotic verticalisation bed,
adapted from [88]

(d) Lower body exoskeleton,
adapted from [45]

(e) End-effector robot co-lift,
adapted from [56]

(f) Upper body exoskeleton,
adapted from [65]

Fig. 3: Sample of included sources’ robotic systems

A. Current motion capture techniques are not suitable in
PHRI contexts

Human motion capture in PHRI contexts presents
unique challenges, as sensors must operate reliably despite
occlusions, environmental variability, and interference from
robotic devices. Consequently, many standard motion capture
techniques are often unsuitable without adaptation, and these
limitations manifest differently across sensing modalities.

Vision-based approaches, such as MBMC and MMC, are
particularly susceptible to errors caused by occlusions or
constrained environments. For instance, Rubin et al. [44]
evaluated a MMC for estimating lower limb joint angles
with and without a lower limb exoskeleton; mean absolute
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errors for knee and ankle angles increased by up to 8.7 �

when the exoskeleton was present. These findings illustrate
how environmental constraints and robot morphology can
substantially degrade vision-based tracking.

IMUs, while not affected by occlusion, provide reliable
tracking only for short durations due to sensor drift. Their
accuracy can also be compromised by nearby robotic devices
that affect magnetometer readings [93]. Calibration procedures
using motion or posture priors can improve performance
[50], [54], but such methods are often impractical in PHRI,
especially for users with motor impairments.

EMGs offer an alternative sensing modality but require
prolonged subject-specific calibration to train predictive
models. This requirement limits their applicability for
real-world, unsupervised interactions, as extensive pre-session
movement protocols are often infeasible.

Although single IMU or EMG sensors are minimally
intrusive, full-body motion capture typically requires multiple
wearable attachments, which can be bulky and restrict natural
movement [94]. To achieve comprehensive kinematic tracking
with a limited number of sensors, additional assumptions or
complementary information (e.g., from robotic contacts or
motion priors) are often needed, but such assumptions may
not hold across diverse PHRI scenarios.

Across modalities, standard human motion capture
techniques are frequently inadequate for PHRI applications.
Effective tracking in these contexts would require either
adaptations to the sensing method or enhancements to
kinematic modelling, often involving multi-modal integration
and careful consideration of the specific robotic and
environmental context.

B. The robot can provide valuable information for human
kinematic reconstruction

In PHRI, robotic devices serve not only as actuators that
assist or constrain human motion, but also as sensing tools
that provide valuable information for reconstructing human
kinematics. By measuring their own internal states at points of
contact with the human, robots can offer precise data about the
motion of constrained joints, complementing or even replacing
conventional sensors that may be affected by occlusions,
drift, or environmental factors. This dual role allows robotic
devices to enhance the accuracy and reliability of human
motion capture, particularly in scenarios where standard
techniques struggle. The manner in which robot measurements
inform human kinematics depends on the type of device and
interaction. Exoskeletons, which directly constrain or actuate
specific joints, can provide measurements closely aligned
with the corresponding anatomical motions. In contrast,
end-effector devices, splints, or hand grips only capture the
position and orientation at the point of contact; full-body
or joint-level reconstruction must then rely on additional
modelling, assumptions, or sensor fusion techniques.

Despite their potential, robot-derived measurements are
not inherently accurate representations of human motion.
Exoskeletons, for example, are prone to joint misalignment
[95], [96], as the device is externally attached and cannot

perfectly match anatomical joint axes. The human-robot
interface—whether via cuffs, handles, or straps—is rarely
rigid, and soft tissue deformation, uncertain attachment
placement, and limited interface stiffness can all reduce
measurement fidelity [97], [98].

Nevertheless, robot measurements can serve as ‘known’
positions within the human kinematic chain, reducing reliance
on additional sensors and enabling calibration of other
estimates. To fully leverage this information, it is essential
to account for or model the rigidity and reliability of the
human-robot connection [99], ensuring that the robot’s precise
kinematic data effectively contributes to reconstructing human
motion.

C. Sensor fusion techniques should be developed in PHRI

While robotic devices can provide precise measurements
at points of human-robot contact, these measurements alone
are often insufficient to reconstruct the full kinematics of
the human body. Conventional sensors, such as IMUs,
EMGs, or vision-based systems, each have strengths and
limitations—ranging from occlusion and drift to limited spatial
coverage. Combining robot-derived data with complementary
modalities through sensor fusion can therefore leverage the
advantages of each system, improving overall accuracy and
robustness of human motion capture in PHRI.

Currently, however, most studies employ multiple sensors in
a rudimentary manner. In many cases, each sensor is treated
independently: for example, an conventional motion capture
system measures shoulder pose, robot contact measures wrist
pose, and elbow pose is inferred subsequently [14], [87].
While analytically sound, this approach does not exploit
the anatomical interdependence of human joints, limiting the
potential benefit of combining multiple data sources. Only one
study fused IMU and EMG using an extended Kalman filter
[66], demonstrating that more sophisticated fusion approaches
remain rare for PHRI.

An illustrative example comes from Yazdani et al. [100],
who fused a markerless vision-based system with human-robot
contact data using a particle filter. Here, a complete
but low-robustness model (vision-based capture) was
complemented by precise measurements at a single joint (robot
contact) to estimate the full human arm posture. The fusion
also mitigated artificially introduced occlusions in the vision
system, significantly improving reliability. This highlights
how complementary robotic measurements—drift-free,
robust, and precise—can compensate for the shortcomings of
conventional sensing modalities.

Complementary sensor fusion is widely employed in other
robotics domains, often using Kalman filters, optimisation
methods, support vector machines, neural networks, or
probabilistic approaches such as Gaussian mixture models or
particle filters [101]. Mobile robots, for instance, routinely
fuse odometry, IMUs, GPS, and vision (via SLAM) to exploit
the strengths of each modality [102]. The relative scarcity
of similarly advanced fusion strategies in PHRI is therefore
surprising, particularly given the complementary nature of
robotic and conventional motion capture sensors.
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In light of these observations, future work should
focus on developing sensor fusion techniques that combine
high-precision robot measurements with conventional sensors.
Such approaches can substantially improve robustness and
accuracy in human motion capture, enabling more reliable
kinematic reconstruction for PHRI applications.

D. Approaches lack standardised or relevant evaluation
While sensor fusion and complementary use of robotic

devices can improve human motion capture in PHRI, the
quality and consistency of experimental evaluation remain
critical limitations. Current research often suffers from poor
reporting and limited experimental validation, making it
difficult to assess the effectiveness and generalisability of
proposed methods. Many studies include minimal sample
testing and lack standardised protocols that are robust
to variations in robotic devices, joints measured, or task
constraints (see Table IV).

Where experimentation was conducted, some studies
exhibited inconsistent metrics, incomplete numerical or visual
results, and insufficient methodological detail. This variability
complicates meaningful comparison across studies, and
hinders replication and cumulative knowledge building. Even
though direct comparison may sometimes be challenging due
to differences in robots, joints, or tasks, approaches should
still be evaluated systematically.

To improve rigour and reproducibility, future research
should provide: (1) comparison to accurate ground-truth
measurements; (2) clear validation against existing methods or
baselines; (3) detailed descriptions of the evaluation protocol,
including performed movements and task duration; and (4)
precise documentation of experimental conditions, such as
robotic device, human-robot attachment points, and marker
placement (if applicable). Additionally, given the variability
in human participants (e.g., body composition, movement
patterns), evaluations should include sufficient sample sizes
to assess robustness and repeatability, ensuring that sensor
systems perform reliably across diverse users.

E. Limitations of this review
This review has several important limitations that should be

considered when interpreting the results.
1) Terminology inconsistencies: The lack of standardised

terminology in PHRI research made systematic searching
challenging. Definitions of physical Human-Robot Interaction
vary across fields (e.g., medical, computer science,
engineering) and even between studies, particularly regarding
the proximity, directness, and continuity of interaction.
Similarly, what constitutes a “robot” is inconsistently defined,
leading to potential exclusion of studies using passive devices
with only measurement functionality. As a result, some
relevant studies may not have been identified.

2) Scope constraints: To focus the review, only studies
exploring human motion capture with potential to ‘close
the loop’—i.e., using motion capture to inform robot
actions—were included. Studies with intermittent contact (e.g.,
hand-off tasks) or purely observational robots were excluded,

even if they provided insights relevant to human motion
capture. These criteria may have omitted work relevant to
industrial or assistive robotics contexts.

3) Variability in motion capture terminology: Terms such
as “human motion capture” and “human kinematics” were
inconsistently applied in the literature. For this review, we
defined “human motion capture” as capturing large-scale body
movements at sufficient resolution [36], excluding fine-scale
gestures or facial expressions. “Human kinematics” refers to
gross limb segment movements quantified through anatomical
joint centre positions and joint angles [103]. Studies using
alternative terminology may have been missed.

4) Limited methodological reporting: As highlighted in
Section IV-D, many studies provided insufficient details on
experimental setup, sensor calibration, modelling assumptions,
and constraints. Consequently, data extraction was restricted
to explicitly reported or clearly inferred information, which
may limit the completeness and reproducibility of the review’s
findings.

Taken together, these limitations highlight that while this
review provides a structured overview of motion capture
in PHRI, it is constrained by terminology inconsistencies,
scope decisions, and incomplete reporting in the literature.
Future work should aim for standardised terminology, broader
inclusion criteria, and rigorous methodological reporting to
improve the completeness and generalisability of systematic
reviews in this field.

V. CONCLUSION

Physical Human-Robot Interaction (PHRI) is becoming
increasingly prevalent in assistive and rehabilitation
applications, where humans share physical space with
robots and maintain continuous contact. Accurate human
motion capture in these contexts is essential for understanding
how humans move and for enabling robots to respond safely
and effectively, thereby ‘closing the loop’ in human-robot
collaboration. However, many conventional motion capture
techniques face limitations in PHRI: vision-based systems
are prone to occlusions and environmental variability,
while inertial systems can be disturbed by robot-induced
forces or surrounding conditions, and both approaches often
require calibration and multiple wearable sensors, increasing
complexity and setup time. Although some methods exist
to mitigate these challenges, robustness and practicality
remain limited. Very few techniques are specifically designed
for PHRI, yet robotic devices themselves can provide
valuable measurements that complement conventional motion
capture. Future work should therefore focus on sensor
fusion approaches that integrate traditional motion capture
with robot-derived information to achieve more complete
and reliable human kinematic reconstruction. In parallel,
the field would benefit from standardised terminology and
more systematic evaluation protocols to allow meaningful
comparison across studies and facilitate the implementation
of the most effective motion capture techniques in real-world
PHRI scenarios.
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APPENDIX

A. Search strategy
1) Search queries: The following lines can be used to replicate search results for the databases IEEE, Pubmed and

Engineering Village.

IEEE and Engineering Village (Compendex, Inspec):

( "human motion capture" OR ("reconstruction" NEAR/2 "posture") OR ("reconstruction" NEAR/2 "kinematic") OR

("reconstruction" NEAR/2 "motion") OR ("estimation" NEAR/2 "posture") OR ("estimation" NEAR/2 "kinematic") OR

("estimation" NEAR/2 "motion") OR ("capture" NEAR/2 "joint") OR ("capture" NEAR/2 "motion") OR ("capture" NEAR/2

"skeleton") OR ("capture" NEAR/2 "human") OR ("capture" NEAR/2 "body") OR ("capture" NEAR/2 "upper limb") OR ("capture"

NEAR/2 "lower limb") OR ("capture" NEAR/2 "arm") OR ("capture" NEAR/2 "shoulder") OR ("capture" NEAR/2 "elbow") OR

("capture" NEAR/2 "wrist") OR ("capture" NEAR/2 "leg") OR ("capture" NEAR/2 "knee") OR ("capture" NEAR/2 "ankle") OR

("tracking" NEAR/2 "joint") OR ("tracking" NEAR/2 "motion") OR ("tracking" NEAR/2 "skeleton") OR ("tracking" NEAR/2

"human") OR ("tracking" NEAR/2 "body") OR ("tracking" NEAR/2 "upper limb") OR ("tracking" NEAR/2 "lower limb") OR

("tracking" NEAR/2 "arm") OR ("tracking" NEAR/2 "shoulder") OR ("tracking" NEAR/2 "elbow") OR ("tracking" NEAR/2 "wrist")

OR ("tracking" NEAR/2 "leg") OR ("tracking" NEAR/2 "knee") OR ("tracking" NEAR/2 "ankle") OR ("localisation" NEAR/2

"joint") OR ("localisation" NEAR/2 "motion") OR ("localisation" NEAR/2 "skeleton") OR ("localisation" NEAR/2 "human")

OR ("localisation" NEAR/2 "body") OR ("localisation" NEAR/2 "upper limb") OR ("localisation" NEAR/2 "lower limb") OR

("localisation" NEAR/2 "arm") OR ("localisation" NEAR/2 "shoulder") OR ("localisation" NEAR/2 "elbow") OR ("localisation"

NEAR/2 "wrist") OR ("localisation" NEAR/2 "leg") OR ("localisation" NEAR/2 "knee") OR ("localisation" NEAR/2 "ankle") )

AND ( "human kinematic" OR ("pose" NEAR/2 "estimation") OR ("pose" NEAR/2 "joint") OR ("pose" NEAR/2 "body") OR ("pose"

NEAR/2 "upper limb") OR ("pose" NEAR/2 "lower limb") OR ("pose" NEAR/2 "arm") OR ("pose" NEAR/2 "shoulder") OR ("pose"

NEAR/2 "elbow") OR ("pose" NEAR/2 "wrist") OR ("pose" NEAR/2 "leg") OR ("pose" NEAR/2 "knee") OR ("pose" NEAR/2 "ankle")

OR ("angle" NEAR/2 "estimation") OR ("angle" NEAR/2 "joint") OR ("angle" NEAR/2 "body") OR ("angle" NEAR/2 "upper limb")

OR ("angle" NEAR/2 "lower limb") OR ("angle" NEAR/2 "arm") OR ("angle" NEAR/2 "shoulder") OR ("angle" NEAR/2 "elbow") OR

("angle" NEAR/2 "wrist") OR ("angle" NEAR/2 "leg") OR ("angle" NEAR/2 "knee") OR ("angle" NEAR/2 "ankle") OR ("position"

NEAR/2 "estimation") OR ("position" NEAR/2 "joint") OR ("position" NEAR/2 "body") OR ("position" NEAR/2 "upper limb") OR

("position" NEAR/2 "lower limb") OR ("position" NEAR/2 "arm") OR ("position" NEAR/2 "shoulder") OR ("position" NEAR/2

"elbow") OR ("position" NEAR/2 "wrist") OR ("position" NEAR/2 "leg") OR ("position" NEAR/2 "knee") OR ("position"

NEAR/2 "ankle") OR ("orientation" NEAR/2 "estimation") OR ("orientation" NEAR/2 "joint") OR ("orientation" NEAR/2

"body") OR ("orientation" NEAR/2 "upper limb") OR ("orientation" NEAR/2 "lower limb") OR ("orientation" NEAR/2 "arm")

OR ("orientation" NEAR/2 "shoulder") OR ("orientation" NEAR/2 "elbow") OR ("orientation" NEAR/2 "wrist") OR ("orientation"

NEAR/2 "leg") OR ("orientation" NEAR/2 "knee") OR ("orientation" NEAR/2 "ankle") OR ( "kinematic" ) OR ("motion" NEAR/2

"estimation") OR ("motion" NEAR/2 "human") OR ("motion" NEAR/2 "joint") OR ("motion" NEAR/2 "limb") OR ("motion" NEAR/2

"simulation") OR ("motion" NEAR/2 "reconstruction") OR ( "joint" ) ) AND ( "physical human robot interaction" OR (

"cobotics" ) OR ( "phri" ) OR ( "hri" ) OR ( "human robot interaction" ) OR ("robot" NEAR/2 "collaborative") OR ("robot"

NEAR/2 "collaboration") OR ("robot" NEAR/2 "compliant") OR ("robot" NEAR/2 "rehabilitation") OR ("robot" NEAR/2 "rehab")

OR ("robot" NEAR/2 "assistive") OR ("robot" NEAR/2 "end effector") OR ("robot" NEAR/2 "end-effector") OR ("robot" NEAR/2

"wearable") OR ( "exoskeleton" ) OR ( "manipulandum" ) ) NOT ("identification" NEAR/2 "gesture") NOT ("identification"

NEAR/2 "sign") NOT ("identification" NEAR/2 "signal") NOT ("identification" NEAR/2 "people") NOT ("identification" NEAR/2

"person") NOT ("identification" NEAR/2 "face") NOT ("detection" NEAR/2 "gesture") NOT ("detection" NEAR/2 "sign") NOT

("detection" NEAR/2 "signal") NOT ("detection" NEAR/2 "people") NOT ("detection" NEAR/2 "person") NOT ("detection" NEAR/2

"face") NOT ("recognition" NEAR/2 "gesture") NOT ("recognition" NEAR/2 "sign") NOT ("recognition" NEAR/2 "signal") NOT

("recognition" NEAR/2 "people") NOT ("recognition" NEAR/2 "person") NOT ("recognition" NEAR/2 "face")

PubMed
( human motion capture OR ( "joint capture" ) OR ( "motion capture" ) OR ( "skeleton capture" ) OR ( "human capture"

) OR ( "body capture" ) OR ( "upper limb capture" ) OR ( "lower limb capture" ) OR ( "arm capture" ) OR ( "shoulder

capture" ) OR ( "elbow capture" ) OR ( "wrist capture" ) OR ( "leg capture" ) OR ( "knee capture" ) OR ( "ankle capture"

) OR ( "kinematic capture" ) OR ( "joint tracking" ) OR ( "motion tracking" ) OR ( "skeleton tracking" ) OR ( "human

tracking" ) OR ( "body tracking" ) OR ( "upper limb tracking" ) OR ( "lower limb tracking" ) OR ( "arm tracking" )

OR ( "shoulder tracking" ) OR ( "elbow tracking" ) OR ( "wrist tracking" ) OR ( "leg tracking" ) OR ( "knee tracking"

) OR ( "ankle tracking" ) OR ( "kinematic tracking" ) OR ( "joint localisation" ) OR ( "motion localisation" ) OR (

"skeleton localisation" ) OR ( "human localisation" ) OR ( "body localisation" ) OR ( "upper limb localisation" ) OR (

"lower limb localisation" ) OR ( "arm localisation" ) OR ( "shoulder localisation" ) OR ( "elbow localisation" ) OR (

"wrist localisation" ) OR ( "leg localisation" ) OR ( "knee localisation" ) OR ( "ankle localisation" ) OR ( "kinematic

localisation" ) OR ( "motion reconstruction" ) OR ( "posture reconstruction" ) OR ( "kinematic reconstruction" ) OR (

"motion estimation" ) OR ( "posture estimation" ) OR ( "kinematic estimation" ) ) AND ( human kinematic OR ( kinematic

) OR ( "pose joint" ) OR ( "pose estimation" ) OR ( "pose body" ) OR ( "pose upper limb" ) OR ( "pose lower limb" ) OR

( "pose arm" ) OR ( "pose shoulder" ) OR ( "pose elbow" ) OR ( "pose wrist" ) OR ( "pose leg" ) OR ( "pose knee" ) OR (

"pose ankle" ) OR ( "angle joint" ) OR ( "angle estimation" ) OR ( "angle body" ) OR ( "angle upper limb" ) OR ( "angle

lower limb" ) OR ( "angle arm" ) OR ( "angle shoulder" ) OR ( "angle elbow" ) OR ( "angle wrist" ) OR ( "angle leg" )

OR ( "angle knee" ) OR ( "angle ankle" ) OR ( "position joint" ) OR ( "position estimation" ) OR ( "position body" ) OR

( "position upper limb" ) OR ( "position lower limb" ) OR ( "position arm" ) OR ( "position shoulder" ) OR ( "position

elbow" ) OR ( "position wrist" ) OR ( "position leg" ) OR ( "position knee" ) OR ( "position ankle" ) OR ( "orientation

joint" ) OR ( "orientation estimation" ) OR ( "orientation body" ) OR ( "orientation upper limb" ) OR ( "orientation lower

limb" ) OR ( "orientation arm" ) OR ( "orientation shoulder" ) OR ( "orientation elbow" ) OR ( "orientation wrist" ) OR

( "orientation leg" ) OR ( "orientation knee" ) OR ( "orientation ankle" ) OR ( "human motion" ) OR ( "limb motion" ) OR

( "joint motion" ) OR ( "motion simulation" ) OR ( "motion reconstruction" ) OR ( "motion estimation" ) ) AND ( physical

human robot interaction OR ( cobotics ) OR ( phri ) OR ( hri ) OR ( human robot interaction ) OR ( exoskeleton ) OR (

manipulandum ) OR ( "collaborative robot" ) OR ( "collaboration robot" ) OR ( "compliant robot" ) OR ( "rehabilitation

robot" ) OR ( "rehab robot" ) OR ( "assistive robot" ) OR ( "end effector robot" ) OR ( "end-effector robot" ) OR (

"wearable robot" ) ) NOT ( "gesture identification" ) NOT ( "sign identification" ) NOT ( "signal identification" ) NOT (

"people identification" ) NOT ( "person identification" ) NOT ( "face identification" ) NOT ( "gesture detection" ) NOT (

"sign detection" ) NOT ( "signal detection" ) NOT ( "people detection" ) NOT ( "person detection" ) NOT ( "face detection"

) NOT ( "gesture recognition" ) NOT ( "sign recognition" ) NOT ( "signal recognition" ) NOT ( "people recognition" ) NOT (

"person recognition" ) NOT ( "face recognition" )
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2) Search tree visualisation:

human motion capture

tracking

kinematic

localisation

human

upper limb

lower limb

arm

leg

OR

AND

OR

physical human robot interaction

phri

hri

robot

OR

human robot interaction

exoskeleton

manipulandum

cobotics

collaborative

compliant

rehabilitation

rehab

NEAR
OR

collaboration

assistive

gesture

NOT
AND signalNEAR

OR

SEARCH 
QUERY human kinematic

NEAR
OR

capture skeleton

pose

angle

position

joint

orientation

motion

NEAR
OR

body

shoulder

elbow

wrist

knee
ankle

OR

human

limb

NEAR
OR

estimation

reconstruction

end- effector

motion
simulation

identification

detection

recognition

sign

people

person

face

reconstruction

kinematic
NEAR

OR

joint

wearable

estimation

posture

Fig. 4: Search tree with key terms and boolean relationships


	Introduction
	Method
	Search strategy
	Manuscripts selection
	Data extraction

	Results
	Search and selection overview
	PHRI applications of motion capture
	Challenges for current motion capture in phri
	Motion capture implementation
	Body focus
	Sensing modalities and use of robot measurement
	Modelling assumptions

	Experimental evaluation

	Discussion
	Current motion capture techniques are not suitable in phri contexts
	The robot can provide valuable information for human kinematic reconstruction
	Sensor fusion techniques should be developed in phri
	Approaches lack standardised or relevant evaluation
	Limitations of this review
	Terminology inconsistencies
	Scope constraints
	Variability in motion capture terminology
	Limited methodological reporting


	Conclusion
	References
	Appendix
	Search strategy
	Search queries
	Search tree visualisation



