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Gait and posture studies have gainedmuch prominence among researchers and have attracted the interest of clinicians.*e ability
to detect gait abnormality and posture disorder plays a crucial role in the diagnosis and treatment of some diseases. Microsoft
Kinect is presented as a noninvasive sensor essential for medical diagnostic and therapeutic purposes. *ere are currently no
relevant studies that attempt to summarise the existing literature on gait and posture abnormalities using Kinect technology. *e
purpose of this study is to critically evaluate the existing research on gait and posture abnormalities using the Kinect sensor as the
main diagnostic tool. Our studies search identified 458 for gait abnormality, 283 for posture disorder of which 26 studies were
included for gait abnormality, and 13 for posture. *e results indicate that Kinect sensor is a useful tool for the assessment of
kinematic features. In conclusion, Microsoft Kinect sensor is presented as a useful tool for gait abnormality, postural disorder
analysis, and physiotherapy. It can also help track the progress of patients who are undergoing rehabilitation.

1. Introduction

Microsoft’s Kinect sensor is a motion-sensing device that
gives users the features to interact with game consoles and
computers via ways such as gestures, spoken commands, or
movement [1]. Kinect sensors provide new and enhanced
features for motion detection and 3D reconstruction. Kinect
sensors also introduce many features that allow for more
accurate research into themovement of the human body and
its gestures. *e sensors allow for interaction through voice
commands that is a unique component of the technology. It
has detectors and infrared emitters to capture human
physical activities.

*e key components of Microsoft Kinect sensors are the
RGB cameras, IR depth sensors, and the multiple micro-
phone array. *e second version of Kinect has some en-
hanced features compared to earlier Kinect [2]. *e colour
camera of Kinect v2 has 1,920×1,080 @30fps while that of
Kinect v1 has 640× 480 @30fps. In terms of the depth
camera capabilities, Kinect v2 uses 512× 424 pixels, while
Kinect v1 uses 320× 240 pixels, and as a result, Kinect v2 has

better image recognition compared to the earlier version.
Kinect v2 is noted to have a wider area view compared to
Kinect v1. Another key feature is that Kinect v2 has better
skeletal joint tracking where it is able to capture 26 joints,
whereas Kinect v1 can only capture 20 joints. *e unique
feature of Kinect sensors can be applied to the medical field
for the purposes of diagnosing diseases and physiotherapy
rehabilitation of people who may have walking disabilities
due to physical injury or related diseases.

As stated above, Kinect has found application in many
areas related to posture and motion capturing. *e major
bulk of studies are related to Kinect research in the areas of
motion tracking, monitoring, diagnosis, and rehabilitation.
Some representative studies with Kinect technology include:
Lavanya et al. [3] presented dynamic finger gestures with
skeletal data extracted from the depth sensor. A unique
technique was designed for the recognition of dynamic
gestures that can be used in auditoriums and classrooms.
*is approach allowed for more dynamic hand gestures to be
developed that can be used in different environments. An
example is a tutor using this technique to instruct students in
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a classroom who have speech problems to assist in their
studies.

*e use of Kinect for medical monitoring and diagnosis
has also been trialed by researchers. Ales Prochazka et al. [4]
presented a novel technique of using Kinect for heart rate
estimation and breath monitoring to determine the likeli-
hood of any medical condition. *e mean thorax movement
was monitored within a selected area to estimate the
breathing of patients. Huy-Hieu et al. [5] presented a real-
time system for the detection of objects for patients who are
visually impaired. A unique system was designed that
allowed visually impaired people tomove freely and to detect
any obstructions. Object detection was based on the 3D
information captured with a depth sensor. However, the
designed system was limited to only indoor use. Xin Dang
et al. [6] presented a novel interactive system with an
electroencephalogram and depth sensor for people with
dementia. Skeletal data captured from the depth sensor were
extracted to determine the motion of a user and their mental
state. *e designed system using a deep neural network can
be used to aid patients with dementia. Torres et al. [7]
provided a novel approach to assist physicians in the di-
agnosis of Parkinson’s disease using posture and movement
captured with Kinect.*e characteristics of movements such
as frequency and amplitude were essential to study tremors
in people with Parkinson’s. *e results achieved in the study
can assist clinicians to diagnose Parkinson’s based on the
tremors intensity and the postural changes.

Kinect sensors are also widely used for the purposes of
rehabilitation. Capecci et al. [8] demonstrated an innovative
approach in the evaluation of dynamic movement in a re-
habilitation scenario. *ey were able to track skeletal joints
in evaluating the performance of patients during a low back
pain physiotherapy exercise. Postolache et al. [9] developed a
unique framework for physiotherapy assessment based on a
mobile application using skeletal data. *e designed system
assists physiotherapists to improve the effectiveness of the
training sessions for patients undergoing rehabilitation.
Monique Wochatz et al. [10] illustrated a reliable and valid
assessment of the lower extremity rehabilitation of exercises
using Kinect v2 sensors. *e authors demonstrated the
Kinect sensor as a reliable tool in assessing the lower limb
position and the joint angles during exercises. Sanjay et al.
[11] developed a unique framework for stroke rehabilitation
of patients in a home environment. A framework was
designed to aid patients who have suffered a stroke in their
treatment process. *e designed system can be used indoors
to help patients who have difficulty in movement.

Abnormal gait is the asymmetric movement of a person
that is most likely to be caused by disease or physical injuries.
*is could be a result of nerves damage, injuries, weakness of
muscles, or joint problems. *e detection of gait abnor-
malities at an early stage can help prevent other compli-
cations. *ere are traditional wearable sensors for gait
abnormal detection; however, these conventional methods
are quite cumbersome to use. Kinect is seen as a better
alternative to wearable sensors in gait abnormal detection.

As such, gait analysis has also received wide interest
among researchers [12–14]. Kinematic features such as the

step length, walking speed, and cadence are useful to de-
termine the gait of an individual. *is will normally be
cyclical and symmetric unless there are some forms of ab-
normalities. *e human gait could be affected by the
musculosketal and neurological systems as well as the
motions habits [15]. Hassain Bari et al. [16] presented a novel
method by designing a deep neural network for gait rec-
ognition.*is was then evaluated with a 3D skeletal gait data
set. Another study by Wan Zharfan et al. [17] illustrated an
economic technique of gait analysis based on pixel coor-
dinates of body joints.*e technique served as an alternative
method to determine gait parameters in a Vicon motion
analysis.

*e human posture is the physical positioning by which
the body takes at a particular time. Posture is the ar-
rangement of the structure of the human body and its
position. Correct body posture can help reduce pressure on
the human body by keeping it balanced. *e human body
posture may be intentional or unintentional due to natural
causes. *ere are several techniques for postures recognition
with skeletal data. Samiul Monir et al. [18] presented a novel
technique with a rotation and scale-invariant for posture
recognition from skeletal features. *is technique for pos-
ture recognition used skeletal data and angle rotation of an
individual. A set of vectors and manipulation of angles were
used to determine the posture. Zequn et al. [19] developed a
novel posture recognition model that can be used to identify
different postures captured. *e depth sensor was used to
generate features of different body parts of an individual.*e
captured features were then fed into the support vector
machine (SVM) to identify the posture.

Although there are quite a number of studies available
using Kinect for the assessment of gait and posture ab-
normalities, to the best of our knowledge, there is no overall
review study that attempts to summarise articles on the use
of the Kinect sensor for gait abnormality and posture dis-
order assessment. Our review adopts a systematic approach
similarly used by Shmuel Springer et al. [20]. *e study
provides up-to-date review of the articles for analysis and
discussion.

2. Methods

In this section, we retrieve articles that meet the inclusion
criteria for our study. *e existing articles identified were
summarised into tables indicating the methods used and the
sampling area.*e sample area stated the source from which
the article was retrieved, the authors of the article, and the
year it was published. Our focus was on articles that used
Kinect sensors for assessing gait and posture abnormalities.

2.1. Search and Identification of Articles. *e scholarly da-
tabase used to identify the articles were: IEEE Xplore, Sci-
enceDirect, CINAHL plus, and PubMed. *e search was
done in two different parts as follows:

(i) Part 1: the use of Kinect sensors for the detection of
gait abnormality or disorder
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(ii) Part 2: the use of Kinect sensors for detection posture
disorder or instability

*e key terms used in part 1 of the search were: “Kinect
sensor,” “gait abnormality,” “gait disorder,” and “walking
abnormality.” In the second part, the key terms used were:
“Kinect sensor,” “posture disorder,” “posture abnormality,”
and “posture instability.”*e search was conducted between
January and May 2021 to retrieve the most recent articles.

2.2. EligibilityCriteria of the IdentifiedArticles. In identifying
the articles for the study, we conducted two different
searches for the database by two independent authors. *e
authors were able to identify and remove duplicate articles
from the various database. *e elimination of irrelevant
articles was done without bias or oversight in order to get all
relevant articles that meet the inclusion criteria. A number of
diseases that could affect gait and posture abnormalities were
included. *ey were: Parkinson’s, ataxia, multiple scoliosis,
stroke, and depression.

*e exclusion criteria were for articles that only dis-
cussed gait detection and postures without considering
abnormality. In the second part, articles that only discuss
posture assessments without examining posture disorder or
deformity were also not included. Articles that used wearable
sensors for gait abnormality and posture disorder detection
were not included. Figure 1 is a flowchart diagram of the
search methodology.

3. Results

*e initial search and retrieval of all articles from the various
database were 458 for gait and 283 for posture, all using
Kinect technology. *e articles were further screened to
ensure they meet the eligibility criteria for this study. In the
end, a total of 26 articles were included for gait abnormality
and 13 articles for posture disorders.

Table 1 summarises all the studies that were included for
the review for gait abnormality, the journals where the
articles were retrieved and the year of publications. In Ta-
ble 1, the methodology describes the sampling method
applied, the statistical method, and the descriptive approach
used. *at sampling method describes the number of par-
ticipants in the study, gender, and age distribution. *e
disease associated with the abnormality was stated. *e
sampling methods from the reviewed articles were cat-
egorised as fully stated, partially, or not stated. *e statistical
method describes the statistical techniques that were used in
the analysis of the data. *e statistical methods were either
sufficiently used or partially used. It describes the models
and mathematical equations that were used in the analysis of
skeletal data. *e description method used refers to cap-
turing of the skeletal data, processing of data, algorithms
used, and the analysis of the results. It also includes the tools
used in the analysis of results and a detailed discussion of the
findings. Finally, the descriptionmethod was either adequate
or partial description.

*e approach used in Table 1 was also similarly adopted
in Table 2 except that it summarised the various articles for

identifying posture disorders using Kinect. *e sampling
methods, statistical methods, and the description method
are also indicated in this table.

In Table 3, the details of each article included in the study
were categorised into two major phases.*e first phase deals
with the sampling technique used in each study while the
second phase describes the key gait features captured with
the major findings of each study. *e limitations for each
study were also included in the table.

A total number of 26 articles were reviewed. Most of the
articles stated the number of participants in the study except
in [26,28,37,42,43,45].*emajority of the studies used Kinect
v2 as the main tool for capturing skeletal data for gait ab-
normality assessment, while a few articles used the older
Kinect v1. In [37,44], the Asus Xtion PRO was used as a gold
standard with a Kinect sensor for capturing skeletal data.
Most of the reviewed articles did not state the data analysis
tool. However, in [22,25,29,31,35,39,40], MATLAB was ex-
plicitly stated as the main tool for data analysis. In [23], the
SPSS package was used as the data analysis tool. *e gait
features captured were mainly the step/stride length (m),
stride time (s), gait speed (m/s), gait cycle (deg), gait rhythm
(m/s), and step time (s). Some of the key joint angles mea-
sured were the hip, knee, and the ankle. Various algorithms
were used to train the models for gait abnormality detection.

A total number of 13 articles were included for the
assessment of posture abnormality or disorder. Some of the
reviewed articles [42,46,50,51] did not state the participants
in the studies. In Table 4, Kinect v2 was mostly used for
skeletal data capturing, except in a few studies that used
Kinect v1. Nine of the reviewed articles used Kinect v2 while
four used Kinect v1. Most of the studies did not state any
medical condition that resulted in posture abnormality.
However, in [47], Parkinson’s disease was stated, and in [56],
a case of chronic traumatic brain injury was present. In
[50,58], patients with suspected multiple scoliosis were also
assessed for posture abnormality. *e majority of the
reviewed articles did not state the data analysis tool except in
[47,48,50] that stated MATLAB. In [58], the IBM Watson
Analytics was used to analyse the data for posture abnor-
mality for patients with suspected cases of multiple scoliosis.

4. Discussion

4.1. Gait Abnormality or Disorder. *e purpose of this study
is to review the available studies using Microsoft Kinect for
the assessment of gait and posture abnormalities. *e key
features measured included the angles formed by leg swing,
speed, and distance of each gait step. *ese parameters were
useful in detecting gait asymmetry in order to distinguish
normal from abnormal gait. Some other components from
the summarised studies were the algorithms used, the major
findings of each study, and limitations.

From the reviewed articles, various methods were
employed in assessing and detecting gait abnormality. *e
gait features captured weremainly the step/stride length (m),
gait speed (m/s), gait cycle (deg), and step time (s). Some
other gait features captured from the studies were angles of
knee joints, ankle joints, and hip angles joints. *emeasured
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joint angles were used to train the models in detecting gait
abnormalities. *e measurement of joint angles helped
improve the efficiency and robustness of the trained models
to detect gait abnormality.

*ey were various algorithms used to train the models
for gaits abnormality detection. Some of the algorithms used
in Table 3 were machine learning algorithms. *e machine
learning algorithms were either supervised or unsupervised,
depending on the approach used. Supervised machine
learning algorithms use classifications and regressions, while
unsupervised use clustering and associations to determine
outliers in the data. Algorithms that were used in the
designed models for gait abnormality were: Bayesian algo-
rithm, K-nearest neighbors algorithm (KNN), convolutional
neural network (CNN), recurrent neural network (RNN),
long short-term memory (RNN-LSTM), isolated forest (IF)
algorithm, and one-class support vector machine (OC-
SVM) algorithm. Depending on the algorithm that was used
and the mythological approach, different accuracy were

achieved. *e Bayesian algorithm was commonly used in
[15, 19, 23, 33] for the assessment of gait abnormalities.
RNN-LSTN algorithm was used in three of the studies [20,
36, 37, 40]. Amr Elkholy et al. used unsupervised one-class
support vector machine (OC-SVM) and isolated forest al-
gorithms for abnormal detection in [31, 33]. Some other
algorithms such as the EDSS andMSWS were also applied in
[27]. *e algorithms used in the various studies cannot be
compared to determine which is more efficient and robust.
*is is because different methods and data sets were used to
achieve the desired accuracy.

*e general limitation of the summarised studies has to
do with the relatively small data set used. Most of the studies
did not use a large data set to test the robustness of the
trained model except in [21, 22, 25, 29, 33, 34, 44] that used
large data sets. Another limitation was some gait parameters
were not used in training the models for abnormal gait
assessment. Some studies did not also include key joint
angles in the trained model. *erefore, some of the models

Articles from other sources

Articles excluded because of
unrelated titles.

Number of articles included for a systematic review
using Kinect sensors

Total gait abnormality/disorder = 26
Total posture abnormality/disorder = 13

Articles that were excluded which
did not meet other key parameters

Number of articles after
duplicates removed

Gait abnormality/disorder = 210
Posture abnormality/disorder = 125

Articles which are using Kinect sensor
Total gait abnormality/disorder = 42

Total posture abnormality/disorder = 28

Yes

No

No

Yes

Number of identified articles from the
online database search:

1. IEEE Xplore
2. ScienceDirect
3. CINAHL Plus
4. PubMed

Total gait abnormality/disorder = 458
Total posture abnormality/disorder = 283

Figure 1: Flowchart for the search methodology of articles included.
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did not give high precision and robustness in assessing gait
abnormalities. Also, the use of Kinect v1 has limited ca-
pabilities compared to Kinect v2 that has more enhanced 3D
skeletal tracking capabilities.

4.2. Posture Abnormality or Disorder. From Table 4, some
body features were measured to determine the posture
abnormality of a person. *ey were the body center mass
position and the shoulder position angulation. *e head

Table 1: Reviewed articles on gait abnormality or disorder.

Sample study area Methodology used for the reviewed articles

Authors Journal/conference paper Year of
publication

Sampling
method in study

Statistical
method Descriptionmethod

Bei et al. [21] IEEE sensors journal 2018 Partially stated Sufficiently
used

Adequate
description

Wang et al. [22] IEEE sensors journal 2019 Fully stated Sufficiently
used

Adequate
description

Tsukagoshi et al.
[23] Journal of clinical neuroscience 2019 Fully stated Sufficiently

used Partial description

Amin amini et al.
[24] Journal of healthcare engineering 2019 Fully stated Sufficiently

used
Adequate
description

Prochazka et al.
[25] Elsevier – digital signal processing 2015 Partially stated Partially used Partial description

Pachón-Suescún
et al. [26]

International journal of electrical and
computer engineering (IJECE) 2020 Partially stated Partially used Partial description

Gholami et al. [27] IEEE journal of biomedical and health
informatics 2016 Fully stated Partially used Adequate

description
Maxime devanne
et al. [28]

International conference on pattern
recognition (ICPR) 2016 Not stated Not used Adequate

description

Latorre et al. [29] Elsevier – journal of biomechanics 2018 Fully stated Partially used Adequate
description

Prakash et al. [30] IEEE transactions on instrumentation and
measurements 2021 Fully stated Partially used Adequate

description

Nguyen et al. [31] Sensors, MDPI 2016 Partially stated Sufficiently
used

Adequate
description

Shrivastava et al.
[32] Elsevier – materials today: Proceedings 2020 Partially stated Partially used Partial description

Prochazka et al.
[33]

IEEE international conference on image
processing (ICIP) 2014 Partially stated Partially used Partial description

Fang et al. [34] IEEE access on multiphysics 2019 Fully stated Sufficiently
used

Adequate
description

Ismail et al. [35] IEEE international conference on advances
in biomedical engineering (ICABME) 2017 Partially stated Not used Partial description

Amini et al. [36] Disability and rehabilitation: Assistive
technology 2018 Fully stated Sufficiently

used
Adequate
description

Elkholy et al. [37] IEEE journal of biomedical and health
informatics 2019 Not stated Partially used Partial description

Soltaninejad et al.
[38] Sensors, MDPI 2019 Fully stated Partially used Adequate

description

Kozlow et al. [39] Sensors, MDPI 2018 Fully stated Sufficiently
used

Adequate
description

Chakraborty et al.
[40]

International conference on computational
science 2020 Partially stated Partially used Partial description

Jyothsna et al. [41] IEEE engineering in medicine and biology
society (EMBC) 2020 Partially stated Not used Partial description

Won et al. [42] IEEE engineering in medicine and biology
society (EMBC) 2019 Not stated Not used Partial description

Jinnovart et al.
[43]

IEEE conference on decision and control
(CDC) 2020 Not stated Not used Partial description

Elkholy et al. [44]
International conference of the IEEE

engineering in medicine and biology society
(EMBC)

2020 Fully stated Not used Adequate
description

Meng et al. [45]
Joint conference on computer vision,

imaging and computer graphics theory and
applications

2016 Not stated Not used Partial description

Jun et al. [46] IEEE access 2020 Not stated Not used Partial description
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position and the neck angles were also essential to detect
postural instability. In [47,49], the center of body mass was
used to determine the postural instability. *e rapid upper
limb assessment (RULA) method was commonly used to
assess postural instability in [52,57]. *e distance between
the neck, shoulder blade, and angles was very essential in
determining the abnormal posture of a person. In [52], the
height, hips, and shoulder position were measured as well as
the shoulder angles. In [53], the knee joints, ankle joints, the
lateral joints, and interior joints were computed. *e spine
angle was also used in [47] to determine the abnormal
posture of an individual.

Different algorithms were used to determine postural
disorder from the summarised studies. *e algorithms that
were used included pattern recognition neural algorithm,
CoVNet model, Berg balance scale (BBS) method, and the
RULA technique. *ese algorithms were used to track the
static body position features and key joint angles to deter-
mine the postural instability of a person. *e accuracy in the
detection of posture disorder was not considered because the
studies focused only on determining if there was posture
abnormality.

*e limitations of the various summarised studies largely
depended on the small data set used in the various studies.

4.3. Mathematical Analysis of Gait Abnormality. In Sun Bie
et al. [21], the spatial position was used with the associated
joints for each subject walking. *e extracted joint angle

formed were then calculated. *e equations used in the joint
angle computation were given by the following equation:

len(i, k) � ‖J[i] − J[k]‖,

θ(i, k, j) � cos− 1(J[i] − J[k])∗ (J[j] − J[k])

‖J[i] − J[k] − J[j] − J[k]‖
,

(1)

where J[i] represents the joints, len (i,k) represents the
distance between joint i, and k θ (i, k, j) describes the angle
formed by joint i, k, and j. *erefore, the angles formed by
the left leg and the right leg were calculated by the following
equation:

Rs � ρ θl, θr( 􏼁

�
Ε θl − mθl( 􏼁∗ θr − mθr( 􏼁􏼂 􏼃
���������������������
Ε θl − mθl( 􏼁∗Ε θr − mθr( 􏼁

􏽱 ,
(2)

where θl and θr represents the angles formed on the left
and right leg, respectively, of a subject walking and E(∗)
represents the expected value of the operation for the
simulation. *e equations were used in computing the key
joint angles to determine gait asymmetry. *e angles
calculated were the hip angle, knee angle, and the ankle
angle. *e challenge with this technique is that there may
be some difficulties in measuring the inner joint angles of
subjects. *e gait cycles were computed and given by the
following equation:

Table 2: Reviewed articles on posture abnormality or disorder.

Sample study area Methodology used for the reviewed articles

Authors Journal/Conference Year of
publication

Sampling
method in study

Statistical
methods

Description of
model used

Ferrais et al. [47] Sensors, MDPI 2019 Fully stated Sufficiently
used

Adequate
description

Jawed et al. [48]
IEEE international conference on emerging

trends in engineering, sciences and
technology

2019 Not stated Not used Partial description

Yang et al. [49] IEEE sensors 2014 Fully stated Sufficiently
used Partial description

Castroa et al. [50] Elsevier porto biomedical journal 2016 Fully stated Partially used Adequate
description

Chin-hsuan et al.
[51] Sensors, MDPI 2020 Fully stated Sufficiently

used
Adequate
description

Abobakr et al.
[52]

IEEE international conference on systems,
man, and cybernetics 2017 Partially stated Not used Partial description

Napoli et al. [53] Biomedical engineering society 2017 Partially stated Partially used Partial description
Meng-Che shih
et al. [54]

Journal of neuro engineering and
rehabilitation 2016 Fully stated Sufficiently

used
Adequate
description

Chanpimol et al.
[55] Archives of physiotherapy 2017 Partially stated Partially used Partial description

Bortone et al. [56] IEEE-EMBS international conference on
biomedical and health informatics 2014 Not stated Not used Partial description

Modesto et al.
[57] Elsevier applied ergonomics 2017 Partially stated Not stated Partial description

Norbert et al. [58] Health informatics meets eHealth 2017 Fully stated Fully stated Adequate
description

Rose et al. [59] Elsevier: gait and posture 2012 Partially stated Not stated Partial description

6 Journal of Healthcare Engineering



Ta
bl

e
3:

D
et
ai
le
d
fe
at
ur
es

of
ar
tic
le
s
on

ga
it
ab
no

rm
al
ity

or
di
so
rd
er
.

Sa
m
pl
in
g
te
ch
ni
qu

es
K
ey

ga
it
fe
at
ur
es

an
d
ai
m
s
of

th
e
id
en
tifi

ed
ar
tic
le
s

A
ut
ho

rs
G
en
de
ra
nd

ag
er
an
ge

of
pa
rt
ic
ip
an
ts

A
bn

or
m
al
ity

or
di
se
as
e

K
in
ec
t

se
ns
or

ve
rs
io
n

D
at
a

ty
pe

ca
pt
ur
e

G
ai
t
pa
ra
m
et
er
s

m
ea
su
re
d

D
at
a

an
al
ys
is

to
ol

A
lg
or
ith

m
us
ed

A
cc
ur
ac
y

ac
hi
ev
ed

(%
)

M
aj
or

fin
di
ng

s
Li
m
ita

tio
ns

of
st
ud

y

Be
ie

ta
l.
[2
1]

G
en
de
r
an
d
ag
e
no

t
st
at
ed

70
no

rm
al

w
al
ki
ng

an
d
50

w
al
ki
ng

di
so
rd
er

K
in
ec
t

v2
Sk
el
et
al

da
ta

Le
g
sw

in
g
an
gl
e

(d
eg
),
kn

ee
an
d

an
kl
e
jo
in
ta

ng
le

(d
eg
),
st
ep

le
ng

th
(m

),
ga
it
cy
cl
e

(d
eg
)

N
ot

st
at
ed

K
-m

ea
ns

al
go
ri
th
m
s,

Ba
ye
sia

n
al
go
ri
th
m
s

N
ot

st
at
ed

A
no

ve
lt
ec
hn

iq
ue

w
as

de
sig

ne
d
to

de
m
on

st
ra
te

m
ov
em

en
t

di
so
rd
er

th
ro
ug
h

ga
it
sy
m
m
et
ry

an
al
ys
is

So
m
e
ke
y
ga
it

pa
ra
m
et
er
s
an
d

jo
in
ta

ng
le

w
er
e

no
tc

on
sid

er
ed
.

O
nl
y
a
sm

al
ld

at
a

se
tw

as
us
ed

to
te
st

th
e
m
od

el

W
an
g
et

al
.

[2
2]

98
in
di
vi
du

al
s;

ge
nd

er
an
d
ag
e
no

t
st
at
ed

D
ep
re
ss
io
n

K
in
ec
t

v2
Sk
el
et
al

da
ta

G
ai
t
ve
lo
ci
ty

(m
/

s)
,J
oi
nt

an
gl
es

(d
eg
)

M
A
TL

A
B

t-
SN

E
al
go
ri
th
m

93
.7
5

A
no

ni
nt
ru
siv

e
fr
am

ew
or
k
w
as

de
sig

ne
d
to

de
te
ct

de
pr
es
sio

n

So
m
e
ga
it
fe
at
ur
es

ar
e
re
qu

ir
ed

to
im

pr
ov
e
th
e

ro
bu

st
ne
ss

of
th
e

m
od

el
in

a
re
al

en
vi
ro
nm

en
t

Ts
uk

ag
os
hi

et
al
.[
23
]

A
ta
xi
a
(m

al
e�

14
fe
m
al
e�

11
);
ag
e

54
.1
±
14
.6

ye
ar
s.

Pa
rk
in
so
n’
s

(m
al
e�

10
fe
m
al
e�

15
);
ag
e

68
.4
±
8.
1
ye
ar
s.

H
ea
lth

y
pe
op

le
(m

al
e�

13
fe
m
al
e�

12
),
ag
e

62
.0
±
13
.9

ye
ar
s

25
Pa

tie
nt
s
w
ith

at
ax
ia
,2
5
pa
tie
nt
s

w
ith

Pa
rk
in
so
n’
s,

an
d
25

he
al
th

pe
op

le

K
in
ec
t

v2
Sk
el
et
al

da
ta

St
ri
de

le
ng

th
(m

),
fe
et

le
ng

th
(m

),
ga
it
rh
yt
hm

,(
m
/

s)

SP
SS

pa
ck
ag
e

su
it

C
lin

ic
al

sc
al
e

N
ot

st
at
ed

K
in
ec
td

ep
th

se
ns
or

to
qu

an
tit
at
iv
el
y

ev
al
ua
te

ga
it

in
te
rf
er
en
ce

fo
r

pa
tie
nt
s
w
ho

ha
ve

a
m
ov
em

en
t

di
so
rd
er

Bo
dy

jo
in
tg

ai
ts

an
gu
la
tio

n
w
er
e

no
tc

on
sid

er
ed

an
d
th
us

th
er
e

m
ay

be
le
ss

pr
ec
isi
on

w
ith

th
is

m
od

el

A
m
in
ie

ta
l.

[2
4]

15
pa
rt
ic
ip
an
ts

(1
2

m
al
e
an
d
3
fe
m
al
e)
;

av
er
ag
e
ag
e

54
–9

2
ye
ar
s

Pe
op

le
w
ith

Pa
rk
in
so
n’
s

K
in
ec
t

v2
Sk
el
et
al

da
ta

G
ai
t
cy
cl
e
(d
eg
),

kn
ee

an
gl
e
(d
eg
),

nu
m
be
r
of

fo
ot
st
ep
s
(m

)

N
ot

st
at
ed

H
eu
ri
st
ic

fa
ll

de
te
ct
io
n

al
go
ri
th
m

N
ot

st
at
ed

A
un

iq
ue

m
od

el
w
as

de
sig

ne
d
to

de
te
ct

fr
ee
ze

of
ga
it
fo
r
pe
op

le
w
ith

Pa
rk
in
so
n’
s

*
e
de
ve
lo
pe
d

sy
st
em

is
lim

ite
d

to
on

ly
th
e
x-
ax
is

fo
r
th
e
fr
ee
ze

of
ga
it
de
te
ct
io
n

A
le
š
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Ts �
1

n − 1
􏽘

i�n

i�2
xi − xi − 1

􏼌􏼌􏼌􏼌
􏼌􏼌􏼌􏼌∗ 0.0333, (3)

where |∗ | is the absolute value from the operation and
0.0333 is the conversion factor from the Kinect sensor.

In [37], the gait energy image (GEI) was used based on
the Gaussian mixture model (GMM) for each pixel in the
simulation. *e GEI was the image captured with the Kinect
sensor of an individual in a walkway. It can be used to
determine the dynamic information of a gait sequence. *e
gait cycle was then extracted and computed at the point
where a normalised autocorrelation from the silhouette
image was high in the GEI.

C(N) �
􏽐x,y 􏽐

k
n�0 S(x, y, n)S(x, y, n + N)

�������������������������������������

􏽐x,y 􏽐
k
n�0 S(x, y, n)

2
��������������������

􏽐x,y 􏽐
k
n�0 (x, y, n + N)

2
􏽱􏽲 ,

(4)

where C(N) represents the autocorrelation for N frameshift,
and the N value is chosen to empirically represent all the
abnormal gait cycles that exist in the tested data sets; K �

NTotal–N–1 where NTotal represents the total number of
frames sequence. S(x, y, n) indicates the pixel values at a
position (x,y) in the silhouette frame n. *e GEI was then
computed as an average of the normalised and aligned
silhouette over the gait cycle in the following equation:

G(x, y) �
1

ncycle
􏽘

ncycle

i�1
Si(x, y), (5)

where ncycle represents the frame of the gait cycle while Si is
the silhouette frame of x, y pixel coordinates of the image
captured. *e extracted gait energy image (GEI) and the gait
cycle were used to determine gait abnormality from different
viewing points based on the colour image sequence.
However, this technique does not consider factors that may
affect the colour image sequence such as clothes variations.

In [32], the Euclidian distance was used to compute the
joints and dynamic body parts for a subject to determine gait
abnormality. *e Euclidian distance is defined in the fol-
lowing equation, where the distance r and s are the shortest
distance between the line segment rs:

d(r, s) � d(s, r)

�

����������������������������

rx − sx( 􏼁
2

+ ry − sy􏼐 􏼑
2

+ rz − sz( 􏼁
2

􏽲

.
(6)

Hero’s formula was then used to calculate the triangular
area of the gait cycle. *e area obtained by Hero’s formula is
given by the following equation:

Area_of_triangle �

����������������������������

rx − sx( 􏼁
2

+ ry − sy􏼐 􏼑
2

+ rz − sz( 􏼁
2

􏽲

.

(7)

*e step length was then calculated between the right
foot from left foot in the Euclidian distance as follows:

step_length � 􏽘
n

i�1

�����
A + B

√
, (8)

where A and B are defined as the area formed by the joint
angles.

*e areas and angles were formed between the hip
right foot and the left foot. A triangle was generated to get
the area and angle between the right foot. *erefore, the
Euclidean distance to compute for the maximum foot
distance lifted from the ground is given by the following
equation:

Groundclearance � max right footy􏼐 􏼑 − min right footy􏼐 􏼑.

(9)

*e limitations in using the Euclidean distance for
computation has to do with the multiple dimensions and
the sparse nature of data. *is presents some variations in
trying to measure the gait distances for subjects in a
walkway.

In [44], asymmetry features were used to detect
walking abnormality in a subject. *e motion asymmetry
between the right body parts and the left body parts of the
skeletal data was extracted. *e average distance extracted
from the skeletal data for a pair of joint angles was then
computed. *e Euclidean distance used to represent the
asymmetry feature was calculated from the following
equation:

D
p

ij �
􏽐

n
t�1

�������������������������������

xit − xjt􏼐 􏼑
2

+ yit − yjt􏼐 􏼑
2

+ zit − zit( 􏼁
2

􏽱

n
, (10)

whereDρ represents the left and right of the average distance
of a subject while xit, yit, and zit represents the 3D coordi-
nates of the joint i of a subject of frame t and n is the number
of frames of action sequence.Np is the set of joints for the left
and right body parts of an individual. *e velocity magni-
tude feature was computed in the study to detect slow action
performed by the subject.*e equation used to calculate is as
follows:

V �
􏽐

n−1
t�1 􏽐

N
i�1

��������������������������������������

xi(t+1) − xit􏼐 􏼑
2

+ yi(t+1) − yit􏼐 􏼑
2

+ zi(t+1) − zit􏼐 􏼑
2

􏽱

(n − 1)N
.

(11)

Equation (11) is essential in computing the displacement
magnitude for each body joint between two successive
frames where N represents the number of joints and n
represents the number of frames.

In [27], gait assessment of a patient was evaluated by
extracting the time series for the knee angles and the gait
cycle of dynamic time warping (DTW). *e knee DTW
distance and the hip were then calculated and averaged to get
the mean DTW distance of individual patients. *e mean
DTW distance for the hip joints and the knee that are
denoted by DHP and DKP are defined by the following
equations:
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DHP ≔
1
2

1
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􏼒 􏼓⎤⎦.⎡⎢⎢⎣ (13)

4.4. Equations for Postural Abnormality Assessment.
Several researchers have proposed different techniques for
the recognition of the human posture and 3D human re-
construction. *e posture probability density is used to
reconstruct the posture of human beings [60]. It is based on
human body measurement that can be used to determine
posture. *is is used as a density estimator in the following
equation:

􏽢p(x; h, c) � 􏽘
N

n�1
cnκ

x − xn

h
􏼒 􏼓, (14)

where K(.) is the kernel, h is the bandwidth of the kernel, and
d is the degree of freedom of the data.*e probability density
estimate is then given by the function where the weights c in
each kernel are based on the reduced set density estimation
(RSDE).

*e RULA-based method is a common technique for
posture assessment of an individual. *is technique can be
used to determine the postural abnormality of an individual.
Two techniques are used to calculate the joint angles, which
are input from a module score.*ese techniques use a voxel-
based angle estimation in which the RULA score for the
upper joints is computed based on their location. *e joint
angles are computed using vectors that are dependable on
the location of each joint with correspondence to the parent
joint location. *is is given by the angle between two vectors
of the parents’ joints and the child’s joints in the following
equation:

θ � cos− 1 p1.p2

p1
����

����. p2
����

����
. (15)

*e magnitude of the two vectors P1 and P2 are calcu-
lated by:

‖p1‖ �
�����
p1.p1

√ and ‖p2‖ �
�����
p2.p2

√ , where the computed
value is then submitted into equation (15). *e RULA
method is a good technique for posture assessment because
it is easy and fast to use. *is can be used in the evaluation of
posture disorder without the need to conduct any experi-
mental measurements. *is technique is, therefore, signifi-
cant to conduct risks of musculoskeletal disease with regard
to the posture of an individual.

5. Conclusion

In this study, we presented Microsoft Kinect as a noncontact
tool for the assessment of gait abnormality and posture
disorder. While there are several studies on gait recognition,
only a few have dealt with the assessment of gait and posture
abnormalities. Early detection of gaits and posture

abnormalities plays a significant role for clinicians to provide
corrective rehabilitation measures. Even though this is a
comprehensive study, there may be some articles that are not
included.

In our study, we presented 26 studies for gait abnor-
mality assessment and 13 articles for posture disorder. *e
summarised studies differ by the methodology used, the gait
features extracted, and the analytical tools used to process
the skeletal data. Different algorithms were applied in the
summarised studies, and some of themmade use of machine
learning algorithms. *e results showed what has been done
so far in the area of gait and posture abnormality assessment.

From our analysis, Kinect sensors have a high success
rate of approximately 87% in abnormalities assessment. It
has an accuracy ranging between 83% and 98.1% from the
summarised articles for gait abnormality. *is is quite ac-
ceptable in the clinical settings for the purposes of diagnosis
of diseases associated with gait and posture disorders. Al-
though Microsoft has stopped the release of Kinect sensors,
it is still an important tool for diagnostic purposes. It can be
concluded that Kinect sensor is an essential monitoring tool
for use in medical diagnostics and can also help track the
progress of patients who are undergoing rehabilitation.
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