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Abstract

In this paper we present a review of the most current avenues of research into Kinect-based elderly care and stroke
rehabilitation systems to provide an overview of the state of the art, limitations, and issues of concern as well as
suggestions for future work in this direction. The central purpose of this review was to collect all relevant study
information into one place in order to support and guide current research as well as inform researchers planning to
embark on similar studies or applications. The paper is structured into three main sections, each one presenting a
review of the literature for a specific topic. Elderly Care section is comprised of two subsections: Fall detection and Fall
risk reduction. Stroke Rehabilitation section contains studies grouped under Evaluation of Kinect’s spatial accuracy,
and Kinect-based rehabilitation methods. The third section, Serious and exercise games, contains studies that are
indirectly related to the first two sections and present a complete system for elderly care or stroke rehabilitation in a
Kinect-based game format. Each of the three main sections conclude with a discussion of limitations of Kinect in its
respective applications. The paper concludes with overall remarks regarding use of Kinect in elderly care and stroke
rehabilitation applications and suggestions for future work. A concise summary with significant findings and subject
demographics (when applicable) of each study included in the review is also provided in table format.

Introduction
The median age of the general population is projected
to significantly rise in the upcoming years [1]. As the
elderly population grows in age and size, an increased
patient population-based stress will be placed on already
overloaded clinics and hospitals. Major contributors to
this increase are need of care for the elderly who are
healthy to stay healthy (such as physical exercise, fall
detection and fall risk reduction) and need for rehabilita-
tion after stroke, for which age is a significant risk factor.
The demand for technologically advanced methods of
elderly care, which can be accessed at any time and
used in a private, home-based setting while still pro-
viding rehabilitation instructions and progress tracking,
is expected to expand. The Kinect is the forerunner in
commercially available hardware upon which develop-
ment of these methods can be built while simultaneously
maintaining affordability for large-scale disbursement [2].
In this paper we present a review of the most current
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avenues of research into Kinect-based elderly care and
stroke rehabilitation systems to provide an overview of
the state of the art, limitations, and issues of concern
as well as suggestions for future work in this direction.
Figure 1 presents the structure of the manuscript, essen-
tially, how studies included in this review are grouped
together into relevance-based subsections. Elderly Care
is comprised of two subsections: 1) Fall detection and 2)
Fall risk reduction. Stroke Rehabilitation contains: 1)
Evaluation of Kinect’s Spatial Accuracy, and 2) Kinect-
based Rehabilitation Methods. We have allocated a third
section titled ‘Serious and exercise games’ for studies
that are indirectly related to the first two sections and
present a complete system for elderly care or stroke reha-
bilitation in a Kinect-based game format. A concise sum-
mary with significant findings and subject demographics
(if applicable) of each study included in the review is also
provided in a table format Tables 1 and 2), to facilitate
readers’ access to more detailed information for studies of
interest. The remainder of the Introduction section pro-
vides a brief overview of each of the three main sections
of the paper.

Users of the Kinect are able to intuitively interact with
a computer through various gestures and postures. This
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Figure 1 Manuscript Structure. Structure of the manuscript summarizing how studies included in this review were grouped together into
relevance-based subsections. The Applications in Elderly Care section is comprised of two subsections: 1) Fall detection and 2) Fall risk reduction.
The Applications in Stroke Rehabilitation section contains: 1) Evaluation of Kinect’s spatial accuracy and 2) Kinect-based rehabilitation methods. We
have included a third section titled ‘Serious and exercise games’ for studies that we believe are indirectly related to the first two sections and
present a complete system for elderly care or stroke rehabilitation in a Kinect-based game format. There are many applications of the Kinect in
rehabilitative and assistance-based research that, while extremely important, fall outside the scope of this systematic review.

natural method of human-computer interaction allows
for the development of specialized forms of elderly care
applications and medical alert support systems. These
alert systems focus on reducing the probability a fall
incident will occur; a leading cause of injury, emotional
distress, and financial burden to the elderly [7-17]. Cur-
rent prototype alert support systems of fall detection
and/or risk reduction show tentative promise of becom-
ing successful tools to extend elderly independent life
through accurate fall detection [18-22] and automated gait
assessment [23-26].

Ideally, all stroke rehabilitation exercises would be
performed with therapist-assisted daily practice; however,
the demand this would create for therapists make it
logistically impractical and quite expensive. Kinect-based
stroke rehabilitation applications have the potential
to reduce this impracticality through guided interactive
rehabilitation and virtualized therapists. The accuracy
of the Kinect for clinical use to this end is strong
[27-32], supporting the potential for full realization of the
latter virtualization paradigm which could make pseudo-
therapist assisted home-based rehabilitation a reality [33].

The various Kinect-based rehabilitation methods noted in
this review hold great potential not only for supporting
accurate completion of rehabilitation [34], but also possi-
bly enhancing clinical record keeping and future medical
diagnostic methods [35].

The Kinect also provides a platform for the develop-
ment of stimulating game-based applications in both
elderly care and stroke rehabilitation. Serious games
offer patients rehabilitation environments which help
motivate successful completion of otherwise dreary or
demanding rehabilitation regimens [36], whereas the aim
of exercise games (also termed “exergames”) is to cre-
ate stimulating methods of maintaining an active lifestyle
tailored to the specific physiological and psychological
requirements of the elderly and disabled while providing
the benefits of physical exercise routines [37-46].

Methods
Inclusion criteria
All peer-reviewed journal and conference proceedings
articles published in English, directly (e.g., fall detection)
or indirectly (e.g., gait assessment) related to elderly care
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Table 1 Overview of studies categorized under the section applications of Kinect in elderly care

Author Year Population Significant findings

Elderly care > Fall detection

Kepski et al. 2012 Study type: methodology
Participants: unspecified
Age: unspecified

The study utilized a fuzzy inference system which combined data from
the Kinect and a wearable accelerometer and gyroscope, and was run on
PandaBoard ES in real-time. Unobtrusive fall detection with
experimental results indicating high effectiveness of fall detection even
in environments lacking visible light were reported.

Planinc et al. 2013 Study type: methodology
Participants: 2 (unspecified gender)
Age: unspecified

Eighteen different sequences consisting of ten true falls and eight
non-falls were examined. A comparison to previous fall detection
methods, audio-based and 2D sensor-based, using 3D Image
Coordinates (IC) and 3D using world coordinates (WC) resulted in: Recall
(defined as: TruePositive

TruePositive+FalseNegative ): IC = 78%, WC = 93%; Precision

(defined as: TruePositive
TruePositive+FalsePositive ): IC = 100%, WC = 100%; F-score

(defined as: 2× Recall×Precision
Recall+Precision : IC = 87%, WC = 96%; True Negative (defined

as: TrueNegative
TrueNegative+FalsePositive ): IC = 100%, WC = 100%, and Accuracy (defined

as: TruePositive+TrueNegative
TruePositive+FalseNegative+FalsePositive+FalseNegative ) IC = 86%,

WC = 96%

Rougier et al. 2011 Study type: methodology
Participants: unspecified
Age: unspecified

After examining 79 videos: 30 sitting down, 25 falls (including 7 totally
occluded), and 24 crouching (including 6 totally occluded), an overall fall
detection success rate of 98.7% was observed using the centroid height
relative to floor level and velocity of a moving body methodology. All
‘not occluded’ events were correctly classified, but in the case of a total
occlusion, utilizing body velocity remains unverified in discriminating a
person who falls from a person who brutally sits.

Lee et al. 2012 Study type: research
Participants: unspecified
Age: unspecified
175 video segments of walking, standing,
crouching down, standing up, falling
forward

Algorithm capable of monitoring shadow filled or completely dark
environments. The system used three features: bounding box ratios,
normalized 2-D velocity variations from the centroids, and
Kinect-gathered depth information. The algorithm was then validated by
applying it to 175 video segments of walking, standing, crouching down,
standing up, falling forward, falling backward, falling to the right, and
falling to the left; resulting in an overall accuracy of 97% and a minimal
false positive rate of 2%.

Mastorakis et al. 2012 Study type: research
Participants: 8 (unspecified gender)
Age: unspecified

A 3D bounding box methodology was utilized to detect falls using 184
recorded videos: 48 falls (backward, forward and
sideways), 32 seating activities, 48 lying activities on the floor (backward,
forward and sideways) and 32 “picking up an item from the floor.” Other
miscellaneous activities that change the size of the 3D bounding box
were also performed (i.e. sweeping with a broom, dusting with a duster).
The system was reported as 100% accurate with respect to fall detection
with no observed false positives or false negatives; however, due to the
unique method of fall detection utilized, if an item (i.e. chair) wasmoved,
a new bounding box was created for the item and if it subsequently fell
over, a false fall detection could be triggered.

Zhang et al. 2012 Study type: research
Participants: 5 (unspecified gender)
Age: unspecified
Utilized 200 recorded videos
(condition 1 = 100, condition
2 = 50, condition 3 = 50.)

System used two models: the appearance model, a method of extract-
ing data from 2D images when subject was out of range of the Kinect’s
depth sensing, and the kinematic model using data derived from the
Kinect’s 3D world coordinates readings. The model was trained using
data captured under three different conditions: 1) less than 4 meters
distance - normal illumination; 2) subject in range of depth sensor -
without enough illumination; and 3) greater than 4 meters distance - nor-
mal illumination. Comparisons were conducted between: falling from a
chair (L1); falling from standing (L2); standing (L3); sitting on a chair (L4),
and sitting on the floor (L5). Under condition #1, the appearance model
resulted in: L1 = 90%, L2 = 60%, L3 = 70%, L4 = 60%, L5 = 100% accu-
racy, whereas the kinematic model model resulted in: L1 = 100%, L2 =
90%, L3 = 100%, L4 = 100%, L5 = 100% accuracy. Under condition #2,
the appearance model resulted in: L1 = 80%, L2 = 30%, L3 = 70%, L4 =
80%, L5 = 10% accuracy, whereas the kinematic model resulted in: L1 =
100%, L2 = 80%, L3 = 100%, L4 = 90%, L5 = 100% accuracy. The appear-
ance approach performed at a speed of 0.0074s. The kinematic approach
performed at a speed of 0.0194s.
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Table 1 Overview of studies categorized under the section applications of Kinect in elderly care (Continued)

Elderly care > Fall risk reduction

Parajuli et al. 2012 Study type: methodology
Participants: unspecified
Age: unspecified

Four data sets used 1) normal walking; 2) abnormal walking; 3) stand-
ing, and 4) sitting. Nine methods utilizing various combinations of the
following variables were used: Z-coordinate, absolute height, arms coor-
dinates, and a Support Vector Machine (SVM). Correct detection of
normal and abnormal walking, sitting, and standing of a C-SVM (SVM
using C-Support Vector Classification) increased from (≈71% to ≈99%)
with the use of scaling SVM data. This lead to the conclusion that SVM
scaling of data is critical for accuracy within algorithms such as this. Both
posture and gait recognition were observed to follow a similar pattern
of accuracy.

Gabel et al. 2012 Study type: methodology
Participants: 23 (m = 19, f = 4)
Age: 26 to 56

The study conducted a full body gait analysis of Kinect readings, com-
pared to two pressure sensors (FlexiForce, A2013) and a gyroscope
(ITG-3200 by InvenSense4) and resulted in the following (units in ms):

Left stride: avg strides captured = 1169; mean difference (kinect v.
baseline) = 8; SD = 62;

Right stride: avg collected = 1130; mean difference (kinect v. baseline) =
2; SD = 46;

Left stance: avg collected = 634; mean difference (kinect v. baseline) =
-8; SD = 110;

Right stance: avg collected = 595; mean difference (kinect v. baseline) =
-20; SD = 90;

Left swing: avg collected = 518; mean difference (kinect v. baseline) = 6;
SD = 115;

Right swing: avg collected = 541; mean difference (kinect v. baseline) =
27; SD = 104;

Angular velocity of arm resulted in a correlation coefficient between the
Kinect-based prediction and the gyroscope-based true value of >0.91
for both arms with an avg difference of (units in °/second): left arm =
1.52; right arm = -0.86 (SD L = 48.36 R = 44.63)

Stone et al. 2011 Study type: methodology
Participants: 3 (unspecified gender)
Age: unspecified
18 total walking sequences - two walks
were collected for each speed: slow,
normal, and fast for each participant.

The calculated percentage difference between the Kinect systems read-
ings and the Vicon system readings for walking speed, average stride
time, and average stride length measurements are as follows (Mean (M),
Standard Deviation (SD), Maximum (MAX)):
Kinect #1 (parallel to sensor): walking speed: M = -4.1%, SD = 1.9%, MAX
= 9.6%; stride time: M = 1.9% SD = 2.5%, MAX = 4.1%; stride length: M =
-1.9%, SD = 2.5%, MAX = 11.7%.
Kinect #2 (away from sensor): walking speed: M = -1.9%, SD = 1.2%, MAX
= 4.9%; stride time: M = 0.7%, SD = 1.3, MAX = 8.4%; and stride length:
M = -1.1, SD = 2.5, MAX = 9.4%.
A secondary artefact noted during this study: typically Kinect-gathered
data at a relatively long range becomes unusable; however, utilizing this
system, initial data showed little change in accuracy at long range (up
to 8.1 meters). A validation of this unusual result has yet to substantiate
these initial findings.

Stone et al. 2012 Study type: methodology
Participants: 7 (m = 4, f = 3)
Age: 75–95

Unobtrusively identified walking sequences and automatically gen-
erated habitual, in-home gait parameter estimates. The following is
representative data for participant 1:
Avg. speed (cm/sec): 62.2, computed avg. speed: 61.0;
True stride time (sec): 1.17, computed stride time (sec): 1.17;
True avg. stride length (cm): 71.6, computed avg. stride length (cm): 70.1;
True height(cm): 162.1, computed height (cm): 161.8.

Elderly care > Kinect gaming

Marston et al. 2012 Study type: review Narrative review of the current technologies viable for game-based
solutions to enable enhanced quality of life in the elderly. The use
of videogames for health related purposes demands game classifi-
cation systems which take into account their player-base’s physical,
cognitive, and social requirements, which can include a wide range of
impairments.
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Table 1 Overview of studies categorized under the section applications of Kinect in elderly care (Continued)

Smith et al. 2012 Study type: review Provides an overview of the main systems for in-home motion capture
and some of the preliminary uses in elderly care, stroke rehabilitation,
and assessment and/or training of functional ability of the elderly.

Staiano et al. 2011 Study type: review Review paper which provides an overview of the measurement capa-
bilities of exergames to derive viable data for clinical data pertaining to
physical health, caloric expenditure, duration of use, balance, and other
categories of interest.

Tanaka et al. 2012 Study type: review Comparison of the Kinect, EyeToy, and Wii systems including techni-
cal specifications, the motion sensing capabilities of each interface, and
the motion required to support therapeutic activity types. Discussion
focuses on the unique research implications of using these three motion
capture tools.

Wiemeyer et al. 2012 Study type: review Specific challenges for game design presented: 1) selection of appropri-
ate movements to offer meaningful exercise contexts for older subjects;
2) utilization of devices offering options that combine challenge and
support; 3) determining appropriate game-based ‘dosage’; 4) random-
ized controlled trials to corroborate effects, and 4) development and
evaluation of adequate training settings.

Arntzen et al. 2011 Study type: methodology
Participants: Elderly care workers
and one researcher
Age: Unspecified

Presented concepts and requirements for developing Kinect-based
games for the elderly and presents seven important issues that each
game should consider during controller-free game development: visual,
hearing, motion, technological acceptance, enjoyment, and emotional
response.

Golby et al. 2011 Study type: methodology The proposed system’s aim is to present occupational therapists with a
tool that provides a range of motion analysis which enables gathering
of patients’ range of motion from remote locations and the comparison
of this gathered data with the range of motion required for a variety of
activities of daily living.

Garcia et al. 2012 Study type: methodology Proposes a system for clinically viable data capture of participants bal-
ance level utilizing a Choice Step Reaction Time mini game which
requires participants to step on targets in a variety of ways.

Maggiorini et al. 2012 Study type: methodology Description of a prototype game-based rehabilitation paradigm to
enable home-based rehabilitation exercises for the elderly which can
be monitored by caretakers of various sorts. The system includes: a dis-
tributed software architecture comprising of end systems, elderly users,
caretakers, a core server, and a communication system.

Gerling et al. 2012 Study type: research
Participants: 15 (institutionalized
older adults, m = 8, f = 7)
Age: Range 60 to 90, mean = 73.72
(SD = 9.90)

Investigated how elderly participants responded to game-based ges-
tures. Results were compiled with the positive and negative affect scale
(PANAS), mean (M), standard deviation (SD). Overall, the positive emo-
tional affect was slight (before: M = 3.34, SD = 0.64, after: M = 3.88, SD =
0.79, (t11 = -2.92, p<0.01), whereas the negative emotional affects were
less notable: before: M = 1.72, SD = 0.78, after: M = 1.68, SD = 0.86. (t11 =
0.28, p = 0.79)

Chiang et al. 2012 Study type: research
Experimental Group:
Participants: 22
Age: 78.55 (± 6.70)

The Vienna Test System, the Soda Pop test, and a Mann-Whitney non-
parametric test were used to evaluate beneficial effects of Kinect usage
on reaction time and hand-eye coordination. Reaction time (units in mil-
liseconds Vienna Test System):
- Experimental group: a median improvement of 167.51, and a decrease
in SD of 362.66.
- Control group: a median decline of -202.9, and an increase in SD of
183.56.

Control Group:
Participants: 31
Age: 79.97 (± 7.00)

Hand-eye coordination time(units in seconds, Soda Pop test):
- Experimental group: a median improvement of 6.01, and a decrease in
SD of 0.34.
- Control group: a median decline in 1.61, and an increase in SD of 5.49
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Table 1 Overview of studies categorized under the section applications of Kinect in elderly care (Continued)

Chen et al. 2012 Study type: research
Experimental Group:
Participants: 21 (m = 3 f = 19)
Age: 65–92

Control Group:
Participants: 39 (m = 15, f = 24)
Age: 65–92

22 out of the 61 participants volunteered to be in the experimental group
for a 4-week course of training which involved three 30 minute sessions per
week - 5-minute warm up, 20-minute interactive gaming, and 5-minute cool
down. Health-Related Quality of Life (HRQOL), SF-8 (Quality Metric) question-
naire of General health (GH); Physical Function (PF); Role Physical (RP); Body
Pain (BP); Vitality (VT) Social Functioning (SF); General Mental Health (MH);
Role Emotional (RE), was employed in this study and an ANCOVA analysis
was done. In the physical component summary of the HRQOL improve-
ments were noted in the categories of general health, physical function, role
physical, and body pain (p <0.05). The mental component summary; how-
ever, in general showed no significant differences between experimental
and control groups (p <0.05). Results are out of 100:
Experimental Group:
GH = 48.69 to 54.49; PF = 50.73 to 52.34; RP = 51.91 to 52.70; BP = 52.90 to
57.44; VT = 57.16 to 57.04; SF = 52.85 to 55.50; MH = 56.14 to 55.53, RE =
51.19 to 51.83.
Control Group:
GH = 48.99 to 46.64; PF = 47.76 to 47.90; RP = 48.00 to 47.92; BP = 54.04 to
51.75; VT = 52.51 to 51.12; SF = 47.49 to 47.04; MH = 51.96 to 50.41, RE =
47.10 to 49.67.

Pham et al. 2012 Study type: research
Participants: 24 (older adults m = 7, f = 17)
Age: mean = 74, SD = 6.4

A comparison of button-based, mixed button/gesture-based, and gesture-
based controllers was conducted through surveys aiming to identify user
preference. The gesture-based controller was most preferred (42%) with the
Mixed Controller next (25%) and the button controller last (8%); however,
21% did not care either way, and 4% enjoyed all types equally. Comple-
tion times were lower for mixed button and gesture systems, compared to
the standalone Button Controller or Gesture Controller (Wilks’ Lambda = .16,
F(2,22) = 54.98, p<0.05).

Hassani et al. 2011 Study type: research
Participants: 12 (m = 5, f = 7)
Age: mean = 77.17 (SD = 7.19)
range: 71 to 96.

7-point Likert scale (7 - max agreement) on standard deviation for Effort, Ease
and Anxiety (EEA) which measures how easily people think they can adapt
and learn how to work with the technology, overcoming eventual anxieties
and Performance and Attitude (PA) which measures how respondents ‘see
themselves’ both practically and socially in the light of the new technology:
EEA for Gestures: mean = 6.13, SD = 1.02; EEA for Touch = 6.18, SD = 1.01; PA
for Gestures: mean = 6.01, SD 1.43; PA for Touch = 6.00, SD = 1.84.

Sun et al. 2013 Study type: research
Participants: 23 (m = 12, f = 11)
Age: 21 to 30

This study explored how Kinect-based balance training exercises influenced
balance control ability and tolerable intensity level of the player. The results
showed that varying evaluation methods of player experience could easily
result in different findings making it hard to accurately study the design of
those exergames for training purposes. This was accomplished by requiring
a participant to stand on one leg within a posture frame (PF) and evaluat-
ing the resulting balance control ability in both static and dynamic gaming
modes using a 6-axis AMTI force plate. The game would move various body-
outline shapes toward the player’s avatar, and the player would then have to
imitate the body-outline shape in order to pass through it without touching
the outline. Force plate data - Fx, Fy, Fz, Mx, My, and Mz - was preprocessed
and MATLAB was used for calculations. The following parameters were ana-
lyzed: small frame 1-second travel time (SF1S), large frame 1-second travel
time (LF1S), small frame 2-second travel time (SF2S), large frame 2-second
travel time (LF2S):
Mean distance-anterior posterior:
SF1S = 0.77(± 0.25); LF1S = 0.70(± 0.18); SF2S = 0.97(± 0.25); LF2S = 0.94(±
0.29)
Mean distance-medial lateral:
SF1S = 1.98(± 1.16); LF1S = 1.99(± 1.16); SF2S = 1.94(± 1.47); LF2S = 1.72(±
1.32)
Total excursions:
SF1S = 53.98(± 15.57); LF1S = 53.68(± 17.28); SF2S = 53.68(± 16.32); LF2S =
51.52(± 17.87)
Sway area:
SF1S = 0.07(± 0.06); LF1S = 0.06(± 0.05); SF2S = 0.06(± 0.05); LF2S = 0.06(±
0.02)



Webster and Celik Journal of NeuroEngineering and Rehabilitation 2014, 11:108 Page 7 of 24
http://www.jneuroengrehab.com/content/11/1/108

Table 2 Overview of studies categorized under the section applications of Kinect in stroke rehabilitation

Author Year Population Significant findings

Stroke rehabilitation > Evaluation of Kinect’s spatial accuracy

Pedro et al. 2012 Study type: methodology
Participants: 1 (robotic arm)
Age: N/A

A KUKA robotic arm (precision accuracy of up to 0.05 mm) was utilized
for precise movements. The Kinect was attached to this arm and a tar-
get was positioned at a static position in the KUKA arm’s work space
resulting in Kinect readings with a min error of 0.036 mm, max error of
12.25 mm, mean error of 4.95 mm and standard deviation of 2.09 mm in
comparison to the KUKA as a ground truth.

Chang et al. 2012 Study type: methodology
Participants: 2 (m = 1, f = 1)
Age: (unspecified)

Appraised the tracking performance of the kinect specifically for a set of
six upper limb motor tasks in regards to a high fidelity OptiTrack optical
tracking system consisting of an array of 16 ceiling-mounted cam-
eras. The following motions were utilized: external rotation, shoulder
abduction, shoulder adduction (diagonal pull down) scapular retraction,
shoulder flexion, and shoulder extension. While a statistical analysis of
data captured was not offered, a visual representation demonstrated
that data trends for both systems, in regards to hand and elbow rep-
resent competitive movement tracking performance, whereas shoulder
readings were widely inconsistent. The authors attribute these inconsis-
tent shoulder readings as due to differing methods of motion capture
and joint estimation between the OptiTrack and the Kinect. Further-
more, the participants were asked to utilize External Rotation of the
shoulder 10 times each, with 5 correct movements and 5 incorrect
movements. The Kinect-based game implemented successfully identi-
fied all the incorrect movements.

Clark et al. 2012 Study type: methodology
Participants: 20 (healthy, m = 10,
f = 10)
Age: 27.1 yr (± 4.5)
Height: 173.7cm (± 10.3)
Mass: 71.7kg (± 11.0)

Type 2,1 intra-class correlation coefficient difference between Kinect
and Vicon Nexus (ICC) and ratio of coefficient of variation difference
between systems (CV) was conducted using three postural control tests:
a forward reach, a lateral reach, and a one leg standing balance test.
The points of examination were of distance reached, trunk flexion angle
(sagittal and coronal), and a balance test focused on spatio-temporal
changes in the sternum, pelvis, knee and ankle as well as the angle
of lateral and anterior trunk flexion. The results demonstrated a very
high level of agreement between systems. The following is a sample of
reported data (units in mm):
Lateral reach:
- Sternum: ICC = 0.03, CV = 0.1; Hand: ICC = 0.16, CV = 5.5; Trunk (deg):
ICC = 0.01, CV = 0.7;
Forward reach:
- Sternum: ICC = 0.07, CV = 1.0; Hand: ICC = 0.05, CV = 1.2; Trunk (deg)
ICC = 0.00, CV = 0.6;
Single leg balance:
- For a full-body joint-by-joint char of details see Table one and Table
two on page 375 of the study

Obdrzalek et al. 2012 Study type: methodology
Participants: 5 (unspecified gender)
Age: unspecified

Full-body comparison between the Kinect and PhaseSpace Recap for
joint position readings of mean difference, standard deviation from
mean, and right and left specific measurements. Overall error was typ-
ically within sub-centimeter accuracy; however, centimeter level accu-
racy was also noted on more difficult joint comparisons, such as the hip
For detailed results of the comparison based on a front view see Table
one on page 5 of the study
For detailed results of the comparison based on a 30° view see Table
two on page 5 of the study
For detailed results of the comparison based on a 60° view see Table
three on page 5 of the study
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Table 2 Overview of studies categorized under the section applications of Kinect in stroke rehabilitation (Continued)

Loconsole et al. 2012 Study type: methodology
Participants: 1 (healthy, male)
Age: 25

This study utilized an L-Exos controller exoskeleton robot arm and a
Kinect in order to track a patients upper extremities and objects and
examined: 1) light variation: very intensive, medium and low illumina-
tion - no substantial differences; 2) occlusions: two objects moved to
occlude each other - no adverse effect and both items were correctly
recognized again post occlusion; 3) object roto-traslation: rotation and
movement of two tracked objects - no substantial error introduced, and
4) accuracy: error was negligible (within 2 cm). Accuracy test starting
distances: 500 mm, 700 mm, and 900 mm on the Z axes. The object was
moved 10 mm, and then 20 mm, and finally 50 mm along the X and Z
axes. The following shows the error introduced by the specified move-
ments on the Z and X axes (all units in mm):
500 distance: +10 mm: Z = 0.1, X = 0.1; +20 mm: Z = 0.3, X = 0.1; +30 mm:
Z = 0.5, X = 0.5
700 distance: +10 mm: Z = 0.5, X = 0.2; +20 mm: Z = 0.8, X = 0.2; +30 mm:
Z = 1.2, X = 0.5
900 distance: +10 mm: Z = 0.6, X = 0.4; +20 mm: Z = 1.9, X = 0.4; +30 mm:
Z = 2.1, X = 0.5

Fern et al. 2012 Study type: methodology
Participants: 1 (healthy, male)
Age: unspecified

Accuracy comparison was done between Kinect (OpenNI and Prime-
sense’s NITE) and a 24 camera Vicon (MX3) system. Movements
included: 1) knee flexion and extension; 2) hip flexion and extension on
the sagittal plane; 3) hip adduction and abduction on the coronal plane
with knee extended; 4) shoulder flexion and extension on the sagit-
tal plane with elbow extended; 5) shoulder adduction and abduction
on the coronal plane with elbow extended, and 6) shoulder horizontal
adduction and abduction on the transverse plane with elbow extended.
Mean Error (ME) and mean error relative to Range of Motion (ROM) was
calculated. All error readings for the knee and hip are lower than 10°
ranging from 6.78° to 9.92°. Dynamic ranges of motion are between 89°
and 115°. ME increases when ROM is higher mainly due to occlusion.
Error readings for the shoulder range from 7° to 13°.

Stroke rehabilitation > Rehabilitation methods

Saposnik et al. 2011 Study type: review A meta-analysis to determine the benefit of VR technology for post
stroke upper extremity recovery was conducted and reported improve-
ment of Fugl-Meyer scores and measures of arm speed, range of motion,
and force at the ‘Body Structure and Function’ level (of International
Classification of Functioning (ICF) [3]). Improvements for the VR-trained
experimental groups ranged from 13.7% to 20% vs 3.8% to 12.2% in
the non-VR control groups. The ‘Activity’ level of the ICF tests (such
as the Wolf Motor Function Test (WMFT), Jebson-Taylor Hand Func-
tion Test, and the Box and Block Test) also showed increased results
within VR-trained experimental groups from 14% to 35.5% vs 0% to 49%
for non-VR control groups. Randomized controlled trials (RCTs) were
evaluated using the pooled treatment effect (Mantel-Haenszel (OR))
by using random-effect models to reduce the effects of heterogeneity
between studies. The effect of VR-based rehabilitation on motor impair-
ment level once the 5 RCTs were combined was OR = 4.89 (95% CI,
1.31 to 18.3; P<0.02). No significant improvement was noted on the
Box and Block Test (2 RCTs; OR, 0.49; 95% CI, 0.09 to 2.65; P = 0.41) or
WMFT (3 RCTs; OR, 1.29; 95% CI, 0.28 to 5.90; P = 0.74). When considering
observational studies, VR-based intervention affected motor impair-
ment percent improvement by 14.7% (95% CI, 8.7% to 23.6%; P<0.001).
VR-based intervention on Jebson-Taylor Hand Function Test, WMFT, and
Motor Activity Scale resulted in 20.1% improvement in motor function
after VR-based intervention. (95% CI, 11.0% to 33.8%; P<0.001).

Hussain et al. 2012 Study type: methodology A prototype system SITAR (System for Independent Task-oriented
Assessment and Rehabilitation) aimed at delivering controlled, task-
oriented stroke therapy in an independent manner with minimal thera-
pist supervision was presented. The SITAR is a tabletop system that has
function as an assessment or rehabilitation system for upper extremi-
ties. SITAR has three parts 1) a set of intelligent objects for haptic-based
patient interaction, 2) a marker-less tracking system using inertial mea-
surement units and the Kinect to track the position of the intelligent
objects and the movement kinematics of a subject extremities and
trunk, and 3) Kinect-based games to engage and motivate patient
participation.
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Table 2 Overview of studies categorized under the section applications of Kinect in stroke rehabilitation (Continued)

Bo et al. 2011 Study type: methodology
Participants: unspecified (healthy)
Age: unspecified

Study proposed a system which utilized a fusion of Kinect and inertial
measurement units (IMU) of gyrometers and accelerometers. Using only
IMU sensors, individual errors occur in both gyrometers (accumulated
error due to bias) and accelerometers (noise and inertial acceleration
peaks). Data was significantly more aligned when a fusion of Kinect and
the IMU sensors was used via online calibration; however, the study did
not provide quantitative results analysis. A video of the experiment can
be found at http://www.lirmm.fr/~hayashibe/IMU/embc2011.wmv

Shiratuddin et al. 2012 Study type: methodology A framework for utilizing non-contact natural user interfaces for an inter-
active visuotactile 3D virtual environment system was presented in this
study. Utilizing the 3D environment of the Kinect may be an approach
which could more accurately stimulate the visual cortex and enable
more authentic rehabilitation feedback than the current 2D feedback
paradigm, ultimately leading to better outcomes.

Yeh et al. 2012 Study type: methodology The main objective of the proposed system is to stimulate patient par-
ticipation in upper limb rehabilitation activities. This is accomplished
through various manipulations of a virtual ball that a patient interacts
with through control of a Kinect-generated skeleton. In order to target
the rehabilitation exercises for clinical purposes, a therapist can control
parameters related to the ball (e.g. speed and size).

Da Gama et al. 2012 Study type: methodology
Participants: 10 (3 physiotherapy
professionals, 4 healthy adults, and
3 elderly subjects of unspecified
sex.)
Age: unspecified

The system introduced in this study focused on the guidance and cor-
rection of participant movements during motor rehabilitation therapies.
The study focused on shoulder abduction using the following require-
ments: 1) shoulder abduction (angle >= 90°); 2) elbow angle >= 160°;
3) angle between the arm and frontal vector plane of >= 80° and <=
100°; 4) right and left shoulder height (Y coordinate) must be similar
(for trunk compensation detection); 5) actual shoulder abduction angle
must be higher than it was before; 6) return to starting position.
Study examined 50 ‘correct’ movements (e.g. fulfilling all the former
requirements) with participant standing, seated, and positioned at dif-
ferent angles in respect to the Kinect sensor. All 50 of these ‘correct’
movements were recognized as correct to the system. 60 unspecified
‘incorrect’ exercises (e.g. not fulfilling all the former requirements) were
also performed and recognized as incorrect by the system - including
postural compensation.
The participants also completed a Likert-scale questionnaire to assess
the negative aspects of the system (5 = as strongly agree): size of let-
ters (2.77), information clarity (3.75), and stimulus (3.47). The positive
reported aspects were: user satisfaction (4.67), motivation (4.67), the
system easiness (4.64).

Pastor et al. 2012 Study type: research
Participants: 1 (stroke, female)
Age: 46

Gameplay involves sliding the impaired limb on top of a transparent
support in an attempt to hit various targets. The patients range of
motion did not show any statistically significant change before and after
system use: Fugl-Meyer score before = 16; after = 16. The patient’s score
in game steadily increased during the study; however, the authors note
that while the game’s score is proportional to the arm’s movement
speed, it does not necessarily correspond to motor recovery.

Frisoli et al. 2012 Study type: research
Participants: 7 (m = 6, f = 1, three
healthy volunteers, 4 chronic stroke
patients)
Age: healthy = 27 (± 7), stroke =
64.5(±13)

This study presented a Kinect-based, multimodal architecture for a
brain-controlled interface-driven robotic upper-limb exoskeleton with
a goal of providing active assistance during reaching tasks for stroke
rehabilitation. The individual and aggregated performance of the SVM
classifier in both trainings of visual condition only, and robot-assisted
sessions were examined. The reported performance was based on the
offline evaluation of the SVM classifier on the training set. Averaged Cor-
rect Classification Rate (%), Healthy subject (H), Stroke patient (P), All (A):
Visual:
H = 88.1(±5.9); P = 91.9(±9.3); A = 88.2(±10.4)
Robot:
H = 81.2(±13.6); P = 90.4(±4.9); A = 89.4(±5.0)
All:
H = 86.4(±8.3); P = 91.1(±6.9); A = 88.8(±7.9)

http://www.lirmm.fr/~hayashibe/IMU/embc2011.wmv
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Table 2 Overview of studies categorized under the section applications of Kinect in stroke rehabilitation (Continued)

Stroke rehabilitation > Kinect gaming

Borghese et al. 2012 Study type: methodology
Participants: unspecified
Age: unspecified

Authors state that the system enables quantitative and qualitative exer-
cise evaluation and automatic game-play level adaptation. Presents two
serious minigames: Animal Feeder and Fruit catcher. Animal Feeder
offers training for dual tasks management (i.e. using both arms simul-
taneously for different purposes), and In Fruit Catcher the patient is
required to utilize reaching and weight shift without movement of the
feet. Also, inappropriate movements issue a warning to the player or, in
extreme cases, abort the task when detected as unsafe.

Huang et al. 2011 Study type: methodology A prototype of a serious game based off Jewel Mine using a Smart Glove
that would enable participants to actually reach out and grasp target
gems, which are located in a semi-circle above a virtual avatar, and place
the gems into a receptacle instead of just touching the gems for collec-
tion. This combination would enable concurrent hand and upper limb
rehabilitation in one serious game.

Lange et al. 2011 Study type: methodology
Participants: 23 (m = 19, f = 4)
Participants consisted of those with
balance issues related to Stroke
(n = 10), TBI (n = 4) and SCI (n = 9)
and 10 clinicians (m = 4, f = 6)

The study presented and discussed three potential applications of the
Kinect. 1) virtual environments, 2) gesture controlled PC games, and 3) a
game developed to target specific movements for rehabilitation. A pro-
totype balance-based reaching game was developed based on Jewel
Mine; however, only anecdotal qualitative data was presented in that
patients had reported that the games were challenging and fun, and
they would be likely to use the technology within the clinic and home
settings if given the option. Clinicians also expressed excitement about
the use of this type of technology within the clinical setting.

Pirovano et al. 2012 Study type: methodology A low-cost game-oriented platform for patients who would benefit
greatly from intensive rehabilitation at home. The system proposed
would allow for the patient to continue beneficial physician-controlled
rehabilitation exercises through remote monitoring and difficulty
adjustments as well as a Bayesian-based adaptation schema for auto-
matic game-based difficulty level adjustments.

Saini et al. 2012 Study type: methodology The study presented a low-cost game framework for stroke rehabilita-
tion. This program’s goal is to increase patients’ motivation for therapy,
and also to study the effects of Kinect-based gaming on hand and leg
rehabilitation. Also, game design principles for hand and leg rehabili-
tation for improving the efficacy of stroke exercise was presented. The
proposed framework provides angle based limb representation during
exercise to ensure exercises are conducted in a correct biomechanical
direction angle lessening the chance of reinjury.

Sadihov et al. 2013 Study type: methodology
Participants: unspecified amount of
therapists and stroke patients with
slight impairment.
Age: unspecified

Based on the Kinect-based haptic glove algorithms discussed, three
rehabilitation game applications were developed: 1) a table wiping
game; 2) a meteor deflection game, and 3) a rope pulling game. The
table wiping game consists of an avatar-hand used to wipe stains from a
table with different vibration patterns being initiated in the worn haptic
glove based on the participant’s movements. In the rope pulling game,
the participant’s virtual hand is able to grab and pull a colorful rope
which can be modified for various feels through different force thresh-
olds and feedback types. The meteor Game allows the player to deflect
falling meteors from smashing into a virtual village.

Lange et al. 2011 Study type: methodology
Participants: 20 (m = 17, f = 4)
(stroke, TBI, SCI)
Age: unspecified

This study presents a system prototype to assess an interactive game-
based rehabilitation tool for balance training of adults with neurological
injury and was based off the previously developed Jewel Mine game.
A series of interviews with clinicians, researchers and patients suffering
from neurological conditions impacting balance was used. Preliminary
testing took place in an informal setting and reported results were
limited to qualitative data about user perceptions of the technology,
motivation to use the technology, and the enjoyment level of the sys-
tem with no quantitative data presented. The authors note that in
general participants found the system usable and enjoyable.
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Table 2 Overview of studies categorized under the section applications of Kinect in stroke rehabilitation (Continued)

Jiang et al. 2012 Study type: research
Participants: 3 (upper extremity
impairment, m = 2, f = 1)
Age: unspecified

This study presents the following heuristics on selecting gesture pat-
terns for patients with upper extremity impairments based off inter-
views with subjects with upper extremity impairments and subsequent
Borg scale rankings regarding potential movements. The guidelines
for gestures selection reported is as follows and were derived using a
human-based approach which constructs the gesture lexicon based on
studying how potential users interact with each other rather than what
would be easy for the system to recognize: (1) Select gestures that do
not strain the muscles; (2) Select gestures that do not require much
outward elbow joint extension; (3) Select gestures that do not require
much outward shoulder joint extension; (4) Select gestures that avoid
outer positions; (5) Select dynamic gestures instead of static gestures;
(6) Select vertical plane gestures where hands’ extension is avoided; (7)
Relaxed neutral position is in the middle between outer positions, and
(8) Select gestures that do not require wrist joint extension caused by
hand rotation.

Llorens et al. 2012 Study type: research
Participants: 15 (m = 8, f = 7)
Age: 51.87(±15.57)

A Kinect-based stepping exercise game for clinical effectiveness. In
this study an exergame was created with an objective of stepping on
randomly rising objects that emerged from the floor surrounding the
patient. Each participant underwent twenty 45-minute training sessions,
which consisted of six 6-minute repetitions with a one minute resting
time between repetitions. Each participant completed at least (max 5)
sessions per week. Assessment was with the Berg balance scale (BBS)
[4]; The balance subscale of the Tinetti performance oriented mobility
assessment (POBMAb) [5], and the Brunnel balance assessment (BBA)
[6]. Assessment was completed at the beginning with an initial assess-
ment (IA), the end with a final assessment (FA), and 1 month after
completion with a final update assessment (FUA). The experimental
results demonstrated that virtual training significantly improved time
scales in balance recovery for stroke patients.
For detailed BBS, POBMAb, and BBA results please see Table two on
page 111 of the study.

and stroke rehabilitation and conducted within one of the
subfields presented in the previous section, and also in
Figure 1, were included in this review.

Exclusion criteria
As the volume of literature regarding the usage of the
Kinect in the fields of interest was not anticipated to
be extraordinarily large, but instead not yet aggregated,
exclusion criteria for this review was minimal: studies
which did not go through a peer-review process for publi-
cation or were published in a non-English language, were
not directly or indirectly related to elderly care or stroke
rehabilitation, or were out of the scope of the subfields
mentioned previously, and also in Figure 1, were excluded
from the review.

Information databases & search methodology
The following electronic bibliographic databases were
searched: IEEE/IET Electronic Library, PubMed, ACM
Digital Library, Computer Science Index, Safari Tech
Books Online, and ISI Web of Science. Articles were
located using the keyword kinect and derived combina-
tion sets of the following: stroke, rehabilitation, gesture,
posture, clinical, geriatrics, elderly, ageing, aged, alert,
fall, gait, exergame, and serious game. No date range or
other limits were imposed during the search. Titles and

abstracts of all articles were scanned for relevance and
a complete list of possible inclusions was compiled with
citation information retained in a LaTeX bibliography
file. All relevant papers were then closely examined and
if a tagged journal paper was deemed a more complete
study of a tagged conference paper, the journal version
was included and the conference version was discarded.
The literature review was concluded on August 1st,
2013.

Data collection and presentation
As the topic of this review spans two overarching cate-
gories including multiple, not directly inter-related sub-
categories, data was collected, and is presented, on a
by-topic basis through included charts and graphs as well
as in-line text.

Contingency bias
Initially, we planned to assess study quality with the
Downs and Black check-list [47]; however, based on
the observation that current systems developed utilizing
the Kinect are often at an immature ‘proof of con-
cept’ state, this approach was deemed unfruitful. As
the Kinect is a newly emerging care and rehabilitation
tool, discussing the possibility of various biases within
individual papers was determined to be out of the scope
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of this survey. To this end, all within-scope peer-reviewed
studies, including unverified and/or only anecdotally sup-
ported, are included in this review.

Results
Figure 2 summarizes stages of article search and the inclu-
sion/exclusion process. 948 records were located through
a search utilizing the methods described in the previous
section. An additional 7 records were located by man-
ual searches of relevant research laboratory websites. As
the keyword set used was generalized with a large overlap
between paper topic areas (e.g. a reference to ‘ageing’ typi-
cally would return papers relevant to both elderly care and
stroke rehabilitation) a large percentage of initially located
papers were duplicates (≈48%). After removal of dupli-
cate papers, 461 records remained. Of these records, 378
were excluded for relevancy issues deduced from titles and
abstracts. For example, searching for “Kinect AND stroke”
returned publications from a variety of sub-fields unre-
lated to this review, such as, controller-free exploration of
medical image data. 83 full-text articles were then exam-
ined and resulted in 35 more exclusions for the following
reasons: references to the Kinect was included only in
future work, only reference to the Kinect was in citation
information, paper was not directly or indirectly related to
either elderly care or stroke rehabilitation, paper was not
peer reviewed, and/or a more recent and comprehensive
version of the study was located in a journal publica-
tion. The remaining 50 studies met all criteria of inclusion
and an overview of bibliographical information content
and main results of all studies are provided in Table 1
and Table 2. To extend the utility of these tables to the
reader, each study is categorized as a research, method-
ology or review paper. In addition to the study type,
tables summarize the outcome measures, key findings
and human subject demographics (if applicable) of each
study.

Kinect applications in elderly care
In this section we provide a review of applications of
Kinect in elderly care grouped under two categories:
1) Fall Detection and 2) Fall Risk Reduction. Techno-
logically advanced alert support systems are a potential
avenue of assistance for the independently living elderly
person, and these systems could also then be leveraged
to produce affordable in-home telerehabilitation meth-
ods of care [48]. With falls being a main cause of injury
and mortality for the elderly [7-17,49] development of
robust, affordable, and widely dispersible in-home fall
detection and risk reduction alert systems is needed
and there is significant interest in applications of Kinect
to address this need. We refer the reader to Table 1 for
a more detailed summary of the studies covered in this
section.

Fall detection
Fall detection has traditionally relied on one or more
technologies of panic buttons, audio sensors, physically
worn accelerometers or gyroscopes, and/or 2D video cap-
ture. Each of these systems comes with inherent limita-
tions: patients with various cognitive deficiencies may be
unable to successfully utilize panic buttons, audio sensors
are easily overloaded with background noise interference
of televisions or music, physically worn devices are cum-
bersome and wearing them is easily forgotten, and perfor-
mance of 2D video capture systems significantly degrade
in shadow filled or light-less environments [18]. The cre-
ation of 3D Red-Green-Blue-Depth (RGBD) cameras is
leading to the development of novel alert support system
prototypes striving to overcome these previous limitations
as well as to enable anonymous privacy preserving fall
detection [19,50]. While the added depth field measure-
ment of the Kinect allows for enhancements in previously
employed fall detection methods, conclusive evidence of
significant improvement in generalized fall detection per-
formance compared to current strategies has yet to be
demonstrated. Current studies utilizing the Kinect have
been limited to mostly clean environments lacking basic
occlusion, and while the results are generally positive,
it should be noted that detecting authentic fall occur-
rences in occluded home environments is a significantly
more challenging goal. The Kinect’s initial performance
in fall detection remains in need of vindication by more
extensive research.

As fall detection systems are typically employed in living
environments, variables such as distance from the sensor
and illumination are major challenges for current video-
based strategies to overcome. Nevertheless, Zhang et al.
[19] presented a method of fall detection that continues
to perform well in the lack of normal lighting as well
as when the participant was beyond the range of depth
sensing of the Kinect through RGB video and image pro-
cessing methodologies. The reported rate of successful
fall detection utilizing this method on simulated events
performed by five participants was as high as 98%. Sim-
ilarly, Lee et al. [20] put forth an algorithm capable of
monitoring in shadow filled or completely dark environ-
ments. This system used three unique features: bound-
ing box ratios, normalized 2-D velocity variations from
the centroids, and Kinect-gathered depth information in
order to overcome the error introduced by shadows dur-
ing moving object tracking. An overall accuracy of 97%
with a minimal false positive rate of 2% was reported
when applying the system to an unspecified ground-truth
dataset.

Another current trend of research in RGBD camera-
based fall detection support systems is the development
of robust systems that can perform unthwarted by occlu-
sion caused by static or mobile scenery. The following
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Figure 2 Study results during PRISMA phases. Visual representation of the article search and inclusion/exclusion process during different phases
of the conducted review process.

three methods aim to overcome this pitfall by utilizing a
3D bounding box, pre-occlusion velocity data analysis for
falls which end in an occluded state, and the orientation
of a participant’s derived “spine” in respect to a ground
plane.

First, Mastorakis and Makris’s [21] bounding box
method utilized a participant’s width, height and depth
instead of a more standard method of skeletization;
calculations derived from a center of mass; or spe-
cific measurements of predetermined body points. This
approach enabled the system to function fully, without
data pertaining scene objects; however, one drawback to
this system is that it does not differentiate between bound-
ing boxes created for valid participants and those created
for scene objects. If an object falls over, a false positive will
occur.

The second method was developed by Rougier et al. [22]
and utilized two forms of data: centroid height relative
to floor level and the velocity of a moving body. This
method allowed for fall detection through use of the for-
mer method when there are no significant occlusions, and
through utilization of the latter method when the subject
is fully occluded after a fall.

The third method, presented by Planinc et al. [18], is
a fall detection system that relied on a calculation of a
participant’s “spine,” and its orientation with respect to
the ground plane. This “spine” is not directly related to
the physiological spine, but instead is derived from an
analysis of full-body 3D data collected with a Kinect. It can
then be assumed that scenarios where this spine rapidly
transforms from a state of perpendicular to the ground
plane to parallel, and does not return to perpendicular
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within a specified amount of time, can be considered as a
potential fall event.

Fall risk reduction
Creation of successful algorithms to directly analyze and
predict fall potential through real-time Kinect-based sys-
tems is a tantalizing, and potentially possible, idea; how-
ever, to date, no direct fall prevention algorithms have yet
been demonstrated. The existing studies along this line
of research are comprised mainly of gait assessment and
pre-emptive in-home fall-prevention training exercises,
and while gait-based and pre-emptive exercise methods
are, at best, only indirectly related to true fall prevention
methodologies, they nonetheless have strong potential to
contribute to the enabling of accurate fall detection and
prevention in the future.

Gait assessment to reduce fall events
The studies in this section represent differing approaches
in current Kinect-based automated gait assessment
methodology research. Stone and Skubic [23,24] con-
ducted a comparison of the Kinect with a ground-truth
Vicon system. Gabel et al. [25] and Parajuli et al. [26]
each separately demonstrated that a wide range of full-
body biomechanical parameters, such as core posture or
angular velocities of limbs, were accurately acquirable
using The Kinect. Stone and Skubic [23,24] also per-
formed a successful real-world pilot study of their auto-
mated gait analysis system in a functional assisted living
facility.

Stone and Skubic [24] collected and compared gait
related data using the Kinect, a dual web-camera sys-
tem, and a ground-truth Vicon motion capture system.
Not only was the Kinect reported to have sufficient accu-
racy for clinical gait assessment, it provided significant
improvements in foreground capture and overall compu-
tational requirements when compared to the low-cost web
camera system.

Gabel et al. [25] developed a method of full body
gait analysis through the use of Kinect-based data and a
multiple additive regression tree algorithm [51,52]. The
system monitored the time of the stride, stance, and
swing phases of a gait cycle, as well as angular veloci-
ties of arm movements; however, measurements of lower
limb angular velocities and core posture were also noted
to be possible. Prediction of kinematic measurements
using these algorithms resulted in a difference of stride
measurements between the two systems of 35–71 ms
and a correlation coefficient of angular velocity readings
between the Kinect and a gyroscope of greater than 0.91
for both arms. Furthering these findings, Parajuli et al.
[26] demonstrated that variables of Kinect-based posture
and gait recognition can also be accurately acquired (up
to 99%) through the use of the specific biomechanic and

algorithmic parameters of: height/shoulder width, arms’
coordinates, and c-support vector machine scaling (for an
optimal hyper-plane [53]).

Translating Kinect-based gait assessment application
from only system accuracy and biomechanic parameter
readings to real-world applications, Stone and Skubic [23]
developed a system which yielded the simultaneous cre-
ation of accurate, autonomous daily in-home gait data
profiles of multiple residents of an assisted living facil-
ity. These profiles were then examined and reported as
containing sufficient parameters for diagnostic use.

Limitations of Kinect-based elderly care
As the Kinect is a relatively new piece of hardware, estab-
lishing the limitations of the sensor within specific appli-
cation scenarios is an ongoing process. Nevertheless, we
provide a list of current limitations of Kinect that we
noted based on our review of applications in elderly care
systems.

1. Current Kinect-based fall risk reduction strategies
are derived from gait-based, early intervention
methodologies and thus are only indirectly related to
true fall prevention which would require some form
of feedback prior to a detected potential fall event.

2. Occlusion in fall detection algorithms, while partially
accounted for through the methodologies of the
various systems discussed, is still a major challenge
inherent in Kinect-based fall detection systems.
Current strategies focus on a subject who stands, sits,
and falls in an ideal location of the Kinect’s field of
vision, while authentic falls in realistic home
environment conditions are more varied, therefore
the current results should not be taken as normative.

3. The Kinect sensor must be fixed to a specific location
and has a range of capture of roughly ten meters.
This limitation dictates that fall events must occur
directly in front of the sensor’s physical location.
While it has been noted that a strategically placed
array of Kinect sensors could mitigate this limitation
[32,54], a system utilizing this methodology has not
yet been implemented and evaluated.

4. Without careful consideration of the opinions of a
system’s proposed user base, concerns regarding
ubiquitous always-on video capture systems, such as
the Kinect, may inhibit wide-scale system adoption.
During the review, it was noted that research related
to the reception of alert support systems is at an early
phase, likely due to in-home hardware previously
being cumbersome and expensive. With the Kinect
having the potential to be widely disbursed in
in-home setting monitoring systems, this avenue of
research has become more viable and relevant
[55-57].
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Kinect applications in stroke rehabilitation
In this section we provide a review of applications of
Kinect in stroke rehabilitation grouped under 2 categories:
1) Evaluation of Kinect’s Spatial Accuracy, and 2) Kinect-
based Rehabilitation Methods. These categories follow the
trend of the literature to first evaluate the Kinect sen-
sor as a clinically viable tool for rehabilitation. Motor
function rehabilitation for stroke patients typically aims
to strengthen and retrain muscles to rejuvenate debili-
tated functions, but inadequate completion of rehabilita-
tion exercises drastically reduces the potential outcome of
overall motor recovery. These exercises are often unpleas-
ant and/or painful leading to patients’ tolerance for exer-
cise to decrease as indicated by Dobkin et al. [58]. Lange
et al. [59] noted that decreased tolerance or motivation
often lead to intentional and unintentional ‘cheating’ or, in
the worst case scenario, avoidance of rehabilitation exer-
cises altogether. The Kinect may contain the potential to
overcome these barriers to in-home stroke rehabilitation
as an engaging and accurate markerless motion capture
tool and controller interface; however, a functional foun-
dation of Kinect-based rehabilitation potential needs to be
established focusing on the underlying strategies of reha-
bilitation schemas rather than the placating effects offered
by serious games. We refer the reader to Table 2 for a more
detailed and comprehensive summary of articles focusing
on Kinect-based stroke rehabilitation.

Evaluation of Kinect’s spatial accuracy
Advances in the field of gesture controlled user interfaces
have only recently erupted in popularity and functional-
ity due to the development of new, affordable computer
vision technology. Historically, a majority of research
in gesture controlled virtual reality interfaces has been
focused on upper limb rehabilitation [60], usually uti-
lizing hand gestures that required various bulky and
impractical designs [61,62]. With ubiquitous computing
hardware advances, such as the Kinect, current research
is rapidly migrating toward a more compact and direct
human communication method of gestures and gesture
patterns. Through these advances, the advantages vir-
tual reality systems have previously shown to offer in a
clinical setting and novel home-based stroke rehabilita-
tion paradigms, are becoming feasible. However, before
Kinect-based motion capture systems can be deemed
useful, the spatial accuracy and resolution of the heart
of these systems-Kinect-gathered data-needs to be thor-
oughly examined.

The following studies focus on evaluating the accu-
racy of the Kinect, and when placed under scrutiny, the
Kinect has been found, in general, to carry significant
potential for a cost-effective motion capture system for
rehabilitation. Chang et al. [27] and Loconsole et al. [30]
specifically examined accuracy of Kinect in recording

upper extremity movements, whereas a whole-body pos-
tural evaluation approach was taken by Clark et al. [28],
Fern et al. [31], and Obdrzálek et al. [29]. Furthermore, in
an attempt to remove the variability introduced through
human subjects during accuracy evaluations, Pedro et al.
[32] utilized a robotic arm. As the volume of accuracy
evaluation studies focusing on specific postures or sce-
narios is large, we refer the reader to Table 2 for more
detailed reports and accounts of these individual studies.
In the remainder of this section, we provide a summary
of most prevalent results of Kinect accuracy evaluation
studies.

Research related to the Kinect’s ability to accurately cap-
ture upper extremity movements is consistently reported
as sufficient for clinical use with regards to the elbow
and wrist joint tracking; however, mixed results have been
reported for the shoulder. Loconsole et al. [30] leveraged
a setup containing real, rather than solely virtual, objects,
and while some accuracy variation in all joint trajectories
was noted depending on the object’s distances on the Z
axis (towards the object from the camera) and X axis (hor-
izontal, sideways from the camera), all tests - including
those for the shoulder joint trajectories - resulted in read-
ings of within 2 cm of the correct/baseline values. This
was reported as well within the limits of rehabilitation
needs. Chang et al. [27]; however, observed acceptable
wrist and elbow joint tracking, but the shoulder trajec-
tory readings were found to be widely inconsistent. The
authors attribute these inconsistencies to differing meth-
ods of motion capture and joint estimation between the
ground-truth OptiTrack system and the Kinect. On the
other hand, even with these inconsistencies, when par-
ticipants were asked to utilize external rotation of the
shoulder during game play, the system successfully iden-
tified all non-external rotation movements performed as
incorrect.

Clark et al. [28], Obdrzálek et al. [29], and Fern et al.
[31] concluded that, in general, the Kinect has sufficient
accuracy for the assessment of whole-body kinematics
for postural control and diagnostic purposes. The notable
issues of concern with regards to Kinect-based accuracy
values between these three studies ultimately related to
one of two things: self-occlusion errors (which can be
caused by the angle between a participant and the sensor,
specific movements such as placing a hand on one’s lum-
bar spine, or when the scene contained non-participant
objects such as wheelchairs or walkers) or proportional
biases which, when observed, always occurred in com-
plex embedded systems such as the pelvis, sternum or
shoulders.

In order to simplify the method of verifying the Kinect’s
accuracy for rehabilitation and to avoid the influence
of various errors introduced by human biomechanics,
Pedro et al. [32] utilized a ‘points of interest’ approach
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rather than a whole-body kinematic analysis. Under this
methodology, the Kinect readings had good repeatability
in both X and Y axes, whereas repeatability worsened as
the distance to the ‘point of interest’ (Z axis) increased.
Data gathered in this study showed that the average of the
standard deviation of spatial error increased quadratically
with distance; however, even with this limitation it was
noted that the Kinect retained a sufficient level of accu-
racy at manufacturer recommended distances for use in
rehabilitation applications.

In an attempt to further improve accuracy of Kinect,
including lessening occlusion error or enhancing fine
motor control capture, the use of the Kinect together with
various inertial sensors has sparked interest. Hussain et al.
[63] made use of Kinect-monitored manipulation of spe-
cially designed intelligent objects (i.e a can, a jar, and a
key-like object embedded with inertial sensors) for fine
motor control diagnostics of the hand and wrist. This
allows for a virtual environment to monitor the location
and kinematics of both the user and the objects manip-
ulated by the user. A variety of hand-held objects very
similar if not identical to those prototyped by Hussain et
al. are utilized in current, widely used stroke impairment
classification tests [64]. Data fusion systems of this type
have the potential to enable low-cost home-based stroke
impairment quantification tests for both gross and fine
motor skills.

As noted by Obdrzálek et al. [29], the Kinect does
not perform well at skeletizing positions under signif-
icant participant occlusion, or non-participant object
interference. When compensation for this deficiency
is required for more specific applications, skeletization
based on a fusion of Kinect-gathered and worn inertial
sensor data show promise for accurate data collection.
Bo et al. [65] used inertial motion sensing units com-
posed of 2-axis gyrometers, 3-axis accelerometers, and
the Kinect (using Primesensor NITE Middleware) to sup-
port accurate Kinect-based data capture with significant
occlusion-based error reduction. This error reduction was
accomplished by utilizing Kinect readings, when available,
as a method of inertial sensor calibration, and inertial sen-
sor estimations when Kinect readings are unavailable due
to occlusion.

Kinect-based rehabilitation methods
The ultimate goals of validating Kinect’s accuracy for
rehabilitation are diagnostics (quantifying motor function
improvement level of patients) and development of home-
based rehabilitation protocols. In this section, we provide
a summary of studies that focused on Kinect’s applications
to pursue these goals, and their results on provisionary
physical and mental benefits.

Virtual reality-based rehabilitation offers a a highly
interactive system with many documented benefits

specifically to stroke patients [66], and a large variety
of Kinect-based approaches of stroke rehabilitation have
recently come to the forefront. From Da Gama et al. [67]
Pastor et al. [68], and Yeh et al.’s [69] virtual exercise guide
and game-based rehabilitation systems, to Shiratuddin et
al.’s [70] interactive visuotactile 3D virtual environment,
and Frisoli et al.’s [71] multi-modal architecture for brain-
controlled interface-driven robotic upper limb exoskele-
ton, there is a broad range of potential Kinect-based
applications.

Promoting proper form/posture, repetition, and enjoy-
ability of stroke-based impairment rehabilitation exer-
cises support and foster motor recovery. Toward enabling
proper form, Da Gama et al. [67] developed a system
which focuses on the guidance and correction of tar-
geted upper extremity exercise movements. This system
monitors and corrects inappropriate postural compensa-
tion, a common but discouraged strategy during stroke
rehabilitation. Yeh et al. [69] proposed a system that,
through the manipulation of varied virtual balls, aims to
entertain a patient who has to perform repetitive and
what would otherwise be dull exercises. The enjoyabil-
ity of a task is commonly linked in part to personal
performance, and building on this premise, Pastor et al.
[68] presented a game-based system where the level of
difficulty can be personalized to the patient’s specific
impairment-related needs through explicit/direct param-
eter adjustments or based on performance during game
play.

Hints of various multidisciplinary directions Kinect-
based research is expanding toward can be seen in the
more intricate applications of the Kinect presented by
Frisoli et al. [71] and Shiratuddin et al. [70]. Frisoli et
al. proposed a Kinect-based, multi-modal architecture for
a brain-controlled interface-driven robotic upper limb
exoskeleton with a goal of providing active assistance
during reaching tasks for stroke rehabilitation. At the
level of action planning, the patient’s intention to move
towards an object is acquired through a Kinect-based
vision system that identifies and tracks physical objects,
and an eye-tracking system. At the level of action, brain
activity is analyzed during motor imagery and controls
the exoskeleton accordingly. Experimental results demon-
strated that operating the exoskeleton movement through
brain-computer interaction was successful with a classi-
fication error rate of 89.4 ± 5.0%. Shiratuddin et al. also
proposed a unique framework which utilizes non-contact
natural user interfaces, such as the Kinect, in an inter-
active visuotactile 3D virtual environment rehabilitation
system.

These initial benefits, system ideas, and hints toward
future research demonstrate a strong potential for fruit-
ful Kinect development, as well as enhancing previously
developed widely used out-patient rehabilitation services
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[72]. These initial studies, by and large, present positive
results; however, the potential impact Kinect-based reha-
bilitation may have on future paradigms is only currently
emerging and it is difficult to predict how widespread such
systems will become. Their use depends largely on their
success in practical implementation, validation of benefits
and acceptance by users.

Limitations of Kinect-based stroke rehabilitation
The current stage of Kinect-based rehabilitation litera-
ture is lacking in reported functional and validation data
because a majority of systems are only at a proof of con-
cept stage. The following over-arching limitations have
been derived from the current state of the literature:

1. While initial Kinect-based comparisons with
research grade motion capture systems demonstrated
highly correlated trends and reasonable accuracy, a
majority of evaluation studies focused only on sets of
gross movements that are advantageous for Kinect.
Evaluation of more realistic and/or specific
diagnostic movement sets are still needed.

2. The Kinect is unable to accurately assess internal
joint rotations of the shoulder and instead utilizes a
much less clinically viable single-point estimation.
Use of the Kinect for specific shoulder-based
functionality requirements have yet to be shown to
be clinically viable.

3. Rehabilitation goals which include fine motor skills
can not be captured by the Kinect alone; however
initial studies suggest fusion systems of Kinect and
inertial sensors can be a feasible alternative.

4. Kinect systems are usually not suitable for severely
disabled patients, as gross movements that remain
extremely small in their entirety are difficult for the
Kinect to accurately capture.

Serious and exercise games
Historically, virtual reality rehabilitation has always been
a promising field with an infeasibly high price tag for
mass implementation [73]. Tanaka et al. [2] note that
recent research, focused on hardware and software, has
lead to Sony’s Eyetoy, Microsoft’s Kinect, and Nintendo’s
Wii becoming the top three market contenders as tools
for low-cost virtual reality rehabilitation platforms. This
initial comparison study concluded that the Kinect is the
forerunner of these top three tools, citing three main
reasons: 1) the Kinect provides the most natural form
of human-computer interaction; 2) the Kinect is the
most feasible technology for a widely dispersed system of
elderly exergaming as it utilizes vision-based data capture
and requires no extraneous hardware, and 3) the freedom
of controller-free data acquisition and ease of developer

access to the Kinect platform required for the develop-
ment of novel and high quality rehabilitation systems and
exergames.

The benefits of focused physical tasks and exercise to
stroke victims and the elderly have a rich and well docu-
mented history [37-46]. Growing out of this solid founda-
tion, Kinect-based gaming has notable potential to create
a low-cost and enjoyable exercise setting while simultane-
ously gathering quantitative data related to rehabilitation
progress, general caloric expenditure, and aerobic activity
[74,75]. Current Kinect-based gaming research consists
of exergames and serious games. Exergames (a term for
exercise games) aim to combine natural human move-
ments and the entertainment of video games to promote
elderly exercise and enable built-in unobtrusive diag-
nostics, whereas serious games intend to simultaneously
rehabilitate motor-impaired users while evaluating patient
progress and monitoring for potential patient injury. In
this section, we provide a review of studies and their
results involving use of Kinect in serious and exercise
game applications. Again, we refer the reader to Tables 1
and 2 for more comprehensive summaries of articles
focusing on this topic.

Design considerations
In the past, game development has focused on uti-
lizing a player’s cognitive abilities to create an enjoy-
able experience. The physical dimension of serious and
exergames has added an extra challenge to game devel-
opment while simultaneously enabling video games to
find alternative applications in facilitating general and
rehabilitation-based exercises. The majority of current
design considerations focus on accessibility challenges
caused by software development decisions [76] and hand-
held and floor-based physical devices such as the Wii,
EyeToy, and Dance-Dance Revolution modifications, in
addition to Kinect [77,78]; however, our discussion here
focuses mainly on design considerations for Kinect-based
systems.

In their comparison of elderly preferences between
button-based, mixed button/gesture-based, and gesture-
based controllers for game play, Pham et al. [79] observed
that Kinect-based controller-free design carries the bene-
fit of being the preferred choice of the elderly. Three main
findings were reported: 1) older participants preferred less
or no physical controlling devices (42% prefered gesture-
only, 25% preferred mixed, 8% preferred button-only, and
25% had no preference); 2) the requirement of larger phys-
ical movement of the Kinect did not stop it from being
the most attractive system, and 3) older adults perceived
the need to develop their knowledge and skill further for
complete use of the Kinect.

Arntzen et al. [80] examined the physical and cog-
nitive requirements of game design targeted for elderly
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players based off of interviews and a literature review.
The resulting design considerations for controller-free
game development were compiled to define seven cate-
gories: 1) visual; 2) hearing; 3) motion; 4) technological; 5)
acceptance; 6) enjoyment, and 7) emotional response. Fur-
thermore, they suggested an iterative approach to game
development, in which a preliminary assessment should
be done with patients using traditional games, and results
of the assessment should inform refinement and defini-
tion of requirements. Once a game prototype is devel-
oped, another assessment should be conducted on the
usability of the system by those with age related cogni-
tive and/or physical disabilities. Gerling et al. [81] also
proposed an iterative method of game development and
noted that while age-related visual, hearing, and motion
impairments can be accounted for during design, it is
advisable to conduct multiple stages of user-feedback
driven design prototypes in order to accommodate more
specific impairments as well as to ensure user approval
in the cognitive categories of technological acceptance,
enjoyment, and emotional response.

McNiell et al. [82] offered suggestions for future reha-
bilitation game development based on previous work and
a literature survey. They highlighted that the response
to failure and poor performance, in any game, is inte-
gral to its use by a player base, and hence should be
taken as an important consideration. They suggested that
including appropriate positive and encouraging feedback
mechanisms are necessary tools to overcome the discour-
agement that system unfamiliarity and poor motor skills
will inevitably cause during use of a serious or exercise
game.

Jiang et al. [83] suggested a number of heuristics
for selecting Kinect-based gesture patterns specific to
patients with upper extremity impairments. The guide-
lines for appropriate gesture selection were derived using
a human-based approach which constructs the gesture
lexicon based on studying how potential users interact
with each other rather than what would be easy for the
system to recognize. These guidlines included the follow-
ing: (1) Select gestures that do not strain the muscles; (2)
Select gestures that do not require much outward elbow
joint extension; (3) Select gestures that do not require
much outward shoulder joint extension; (4) Select ges-
tures that avoid outer positions; (5) Select dynamic ges-
tures instead of static gestures; (6) Select vertical plane
gestures where hands’ extension should be avoided; (7)
Relaxed neutral position is in the middle between outer
positions, and (8) Select gestures that do not require wrist
joint extension caused by hand rotation.

Exercise games
The Kinect is not unique in its ability to provide
vision-based data capture capable of supporting gaming

paradigms; however, current research grade multiple
camera motion capture systems are typically expensive,
difficult to set up, and require a knowledgeable opera-
tor. The Kinect does not suffer from these challenges, and
with its low-cost, leading the emergence of natural gaming
paradigms and development of targeted exercise games
(the term “exergames” is also commonly used) in a variety
of areas.

Pham and Theng [79] demonstrated an interesting
interaction between participant performance and pref-
erences. When given the choice among a button-based
system (Wii), a system that fused button-based and vision-
based (Wii/Kinect), and a solely vision-based (Kinect) sys-
tem, the majority of elderly participants gravitated toward
the Kinect-only system; however, performance measure-
ments suggested that a fusion system of physical buttons
and Kinect resulted in higher performance. Two main
benefits cited for this general preference of the Kinect-
only system were the remote range provided and the
more comfortable method of human-computer interac-
tion. Hassani et al. [84] noted that this more comfortable
interaction method was especially observed in frail or par-
tially disabled participants who did not desire to get up
and walk toward a computer screen. Furthermore, a com-
pletely home-based system, as described by Maggiorini
et al. [54], would be ideal for a game-based exercise and
rehabilitation paradigm.

Gerling et al. [85] conducted two studies to examine
the use of Kinect as a human-computer interface for
older adults. In the first study, an evaluation of elderly
participants’ performance using a set of gestures devel-
oped with the aid of a physical therapist was performed.
Based on the resulting limitations observed in movement
patterns, an exergame was designed targeting institu-
tionalized elderly participants. The second study then
investigated how participants responded to the derived
game-based gestures, and concluded that Kinect-based
gaming has a positive effect on users emotional well being.
Sun et al. [86] developed a Kinect-based exergame which
allowed players to participate in interactive balance exer-
cises with visual feedback, and explored how Kinect-based
balance training exercises influence the balance control
ability and the tolerable intensity level of a player. The
game would move various body-outline shapes toward the
player’s avatar, and the player would then have to imi-
tate the body-outline shape in order to pass through it
without touching the outline. As differing player expe-
rience evaluation methods resulted in different findings,
it was concluded that care must be taken while decid-
ing on which evaluation methods are to be employed
within game design. Chiang et al. [87] examined the
health benefits of somatosensory video games specifi-
cally related to reaction time and hand-eye coordination
on institutionalized older adults confined to wheelchairs.
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“Follow the Arrow”, “Matchmaker”, and “Mouse May-
hem” –three previously developed games– were modified
for the Kinect and then utilized to gather participant
related data. A significant decrease in the mean and stan-
dard deviation times from start to target were noted
in the experimental group (which received Kinect-based
training) while the control group lacked any observable
improvement. Chen et al. [88] presented a study which
attempted to quantify the health benefits of Kinect-based
somatosensory video games to older adults with disabili-
ties. Various physical benefits were noted throughout the
study; however, mental benefits, in general, showed no
significant differences between experimental and control
groups.

Each of these systems concluded with overall posi-
tive results and demonstrated that Kinect-based gaming
can significantly improve quality of life using a variety
of measures, such as participant’s emotional state [85],
physical function, level of body pain [88], visual perfor-
mance skills, reaction time, and hand-eye coordination
[87]. A caveat to these positive results can be seen in
that evaluation methods based specifically on player expe-
rience can result in notably different outcomes. Thus
exergames for training purposes strongly building on
player experience as a metric should be designed with
care [86]. Also, to understand the efficacy of somatosen-
sory video game intervention, more rigorous examination
needs to be conducted in order to strengthen these initial
results.

Serious games
The physical changes that accompany ageing affect a
wide range of functions, including sensory-perceptual
processes, motor abilities, response speed and cognitive
processes [89]. Research on the efficacy of serious games
to retain and rehabilitate optimal abilities have been lim-
ited mainly to qualitative studies with small sample sizes
and focusing on a variety of controllers and inertial sen-
sor systems [33]. This limitation can also be seen in the
literature for current Kinect-based serious games, as the
majority of studies have not yet moved beyond initial
game design and development.

For many stroke patients, balance and weight shift man-
agement constitute a risk of secondary injury [90]. Lange
et al. [91] prototyped a serious game based on their Flex-
ible Action and Articulated Skeleton Toolkit (FAAST)
which enabled a Kinect-based system to run Jewel Mine;
a balance rehabilitation game which encourages the user
to reach outside of their base of support. Based on dis-
cussion and technical support from Lange et al., Huang
et al. [92] proposed a smart glove extension to their sys-
tem for concurrent hand and upper limb rehabilitation by
requiring a player to actually grasp the virtual gems and
place them into a receptacle instead of just hitting them.

Also utilizing the fusion of a Kinect sensor and a hap-
tic glove, Sadihov et al. [93] developed three minigame
applications to offer a variety of game play, motor require-
ment, and difficulty options: 1) a table wiping game; 2) a
meteor deflection game, and 3) a rope pulling game. This
methodology of developing multiple minigames for maxi-
mum variety of play and motor tasks was also employed by
Borghese et al. [34] in the development of Animal Feeder,
which offered training for dual task management, and of
Fruit Catcher, a game which required reaching and weight
shift techniques to be employed without movement of
the feet. Borghese et al.’s system also carries the poten-
tial to utilize Kinect-obtained information about a patient
to both fine tune rehabilitation game parameters and to
assess patients’ improvement.

Crosbie et al. [60] noted that friendly competition built
into a stroke-based serious game can increase social activ-
ity and enjoyment; however, it also is feasible to anticipate
a patient inadvisedly attempting to ‘win’ or surpass a set
‘high score’ becoming physically exhausted from over use
- especially in systems based on remote monitoring and
lacking direct clinical monitoring [35]. This competitive
aspect of human nature has the potential to drastically
hamper successful rehabilitation. As a solution to this
problem, Saini et al. [94] proposed the “watch dog” mon-
itor in order to prevent overuse or overexertion injuries.
This monitoring system alerts a user if a game maneuver
they execute goes beyond therapist-recommended kine-
matic limb and body angle limits and ensures that users
will not exercise for periods of time so extended as to be
counter-productive to rehabilitation goals.

Concerning lower-limb rehabilitation, Llorens et al. [95]
developed a serious game which functioned by estimating
participants’ foot locations and then creating two virtual
feet on a screen with the game objective of using these vir-
tual feet to step on randomly rising targets that emerged
from the floor. The results of this follow-up study involv-
ing chronic stroke patients showed improvement on the
Berg Balance Scale [4] of 49.00 to 52.13 which was noted
by the authors as surpassing standards of post-stroke
improvement in functionality previously established by
Liston et al. [96].

Throughout all of these developed systems, one thread
of consistency is the positive reception by players and ini-
tial rehabilitation results. The overall view in the literature
related to serious games is positive; however, the level of
current confidence is almost unanimously recognized as
tentative and needing further study.

Limitations of current Kinect-based serious and exercise
games
The limitations specific to Kinect-based serious and exer-
cise gaming applications, considering the requirement of
clinical data capture for specific limb movements; specific
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player-base-desired design considerations; varying levels
of limb impairment, and previously defined serious and
exergame-based requirements, can be summarized as the
following:

1. Any games designed specifically for diagnostic usage
are limited to non-occluding movements. This
implies that standard stroke impairment level tests
requiring extensive occluding movement sets may be
untenable for a Kinect-based system to capture.

2. Diagnostic potential for extremities is limited to gross
movements, as fine movements of the hand and foot
are currently outside the Kinect’s capture sensitivity.

3. Games targeted at rehabilitation may be prone to
“cheating” (e.g. excessive, unnatural and
counter-productive trunk-based compensation).

4. Appropriate response to failure and poor
performance, if not accounted for during game
design, can inherently limit positive outcomes due to
demotivation/discouragement resulting in less
frequent/consistent use of the system.

5. The current benefits of Kinect-based gaming have
only tentatively been studied with mainly short term
and small sample sized studies. Data to date should
be seen as initial results, and not normative.

Discussion
As Kinect-based elderly care and stroke rehabilitation
research is in its infancy, a majority of the data acquired is
qualitative with a focus on self-report and personal opin-
ion. Compounded with this observation is the fact that the
data is derived only from small groups of participants, it
is anything but normative and should be viewed as tenta-
tive initial results. Filling the deficiencies of quantitative
and large population based research thus remains a poten-
tially fruitful and necessary avenue of future work. The
current applications of Kinect in elderly care seem to be
at a more mature state than those of stroke rehabilita-
tion; however, even with the current deficiency, we believe
that the Kinect carries the potential to become a future
cornerstone of widely dispersed care and rehabilitation
systems.

With regards to fall detection and fall risk reduction
applications, each of the current technologies of panic
buttons, audio sensors, body-fixed systems, 2D and 3D
video capture systems comes with inherent physical and
financial limitations. While the Kinect does not render
any of these technologies obsolete, and comes with its
own limitations, its unique aspects may enhance current
systems, or potentially be the foundation for newly devel-
oped functionalities.

1. The autonomous nature of the Kinect allows for fall
detection without requiring a user to physically

trigger a panic button system, or the wearing of
cumbersome physical devices, which can often be
forgotten.

2. The Kinect comes with built in directional sound
capture capabilities, possibly enabling it to be used as,
or in unison with, current audio sensor-based
systems. This is a functionality of the Kinect not yet
studied.

3. The added third dimension depth field measurement
offered by the Kinect requires less overhead than
current methodologies, and enables the development
of more accurate methods of fall-related image
processing to be developed.

4. The low-cost, marker-less, and widely dispersible
nature of an already commercially available gaming
system immediately enables the current clinical
virtual reality-based rehabilitation methodologies to
be rapidly relocated to individual home settings.

While questions such as participants with what level of
impairment most strongly benefit from using the Kinect,
how to build an ideal exercise routine for preventative or
rehabilitation needs, which is the most performant fall
detection algorithm, or how to most efficiently leverage
all the various capabilities of the Kinect are still unan-
swered, the overarching conclusions of this review point
toward the Kinect as a promising technology for a wide
range of elderly care and stroke rehabilitation applications
and need for studies involving larger participant pools to
establish reliability and validity.

Remarks and suggestions for future work
We have compiled the following list based on our review
of the current state of Kinect-related elderly care and
stroke rehabilitation literature. It contains our remarks as
well as suggestions for relevant future research.

1. A majority of applications in elderly care and stroke
rehabilitation require a robust and easily
manipulated user interface which at present cannot
be readily found in current commercial systems.
When developing exercise games, serious games, and
applications of Kinect-based rehabilitation, it is
vitally important to remember that repurposing a
technology initially intended for a younger and
healthier audience requires careful adherence to new
design strategies focused on both the physiological
and psychological requirements of aging and injured
users. Therefore we suggest that multidisciplinary
research teams involving engineers as well as
clinicians, human factors experts and cognitive
psychologists would be best positioned to tackle the
challenges that such game development efforts
would entail.
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2. A critical validation step for Kinect-based
applications to both fields is a focused experimental
evaluation of the accuracy and latency of the motion
capture data obtained from Kinect in comparison
with a research grade motion capture device and
statistical evaluation of this data for specific
diagnostic potential. The effects of distance from the
Kinect sensor on gathered data is another important
consideration. In order to verify that the Kinect has
the potential to make therapy financially accessible
and medically beneficial to a large population of
elderly and stroke patients, more targeted studies
involving relevant rehabilitation and preventative
exercise movements, are needed.

3. Kinect applications may have the potential to
simultaneously achieve care or stroke related goals
while capturing real-time, clinically viable data for
injury risk evaluation. The real-time data gathering
aspect of the Kinect has yet to be satisfactorily
examined as a majority of documented work focuses
solely only providing assistance or motivation to the
user while ignoring this important potential function.

4. As alert systems potentially gather data in an
always-on fashion even what might normally be
considered mundane activities can then turn into
potential privacy infringements. Because of this
potential problem, the reception and concerns of the
elderly related to always-on systems require a
thorough and careful examination.

5. Game content specifically designed for aging and/or
injured users must simultaneously allow for high
standards of captivating game play and long-term
enjoyment potential while maintaining seamless
methodologies of adaptation and monitoring of
players needs, which are critical characteristics of a
successful low-cost home-based rehabilitation
paradigm.

6. Generic game play may be unsuitable for many
patients with secondary disabilities not solely defined
by motor function. Strategic adaptation schemas for
game play are necessary traits as complex demands
for speech, memory, or cognition patterns
significantly reduces the potential for games with
large and diverse player bases.

7. The stimulating aspect of exergames and serious
games, while being beneficial in patient motivation,
should be closely monitored as to provide an exercise
or rehabilitation environment that discourages
overexertion injuries in both individual movements
and length of play.

8. Assumptions of rehabilitation success should not be
based on in-game score improvement as arbitrary
scores do not necessarily correlate with actual
functional improvement, and evaluation methods

based specifically on player experience can result in
notably different outcomes, therefore using player
experiences or in-game scores as metrics should be
avoided.

Conclusions
In this paper, various applications of the Kinect in the
fields of elderly care and stroke rehabilitation have been
examined. We have classified these applications into the
groups of (1) Fall Detection, (2) Fall Risk Reduction,
(3) Evaluation of Kinect’s Spatial Accuracy, (4) Kinect-
based Rehabilitation Methods, and (5) Serious and Exer-
cise Games - serious games for stroke rehabilitation and
exercise games for the elderly. While only in its initial
stages of development, the Kinect already shows notable
potential in making therapy and alert systems financially
accessible and medically beneficial to a large population
of elderly and stroke patients; however, some significant
technological limitations still present are: a fixed loca-
tion sensor with a range of capture of only roughly ten
meters; a difficulty in fine movement capture; shoul-
der joint biomechanical accuracy, and fall risk reduc-
tion methodologies that only utilize indirect, gait-based
pre-emptive training. The directions for future work are
vast and have promise to enhance elderly care; stroke
patient motivation to accurately complete rehabilitation
exercises; rehabilitation record keeping, and future med-
ical diagnostic and rehabilitation methods. Based on our
review of the literature, we have reported a summary
of critical issues and suggestions for future work in this
domain.

Abbreviations
CVA: Cerebrovascular accident; RGBD: Red-green-blue-depth; FAAST: Flexible
action and articulated skeleton toolkit.

Competing interests
No financial or non-financial competing interest exists for either of this paper’s
authors.

Authors’ contributions
OC conceived the review paper idea. Both DW and OC participated in
designing and structuring the literature search and resulting review paper
structure. DW conducted the literature search, as well as the drafting of the
manuscript. OC guided the literature search and drafting of the manuscript.
Both authors read and approved the final manuscript prior to submission.

Authors’ information
OC received his B.S. and M.S. degrees in Mechanical Engineering in 2004 and
2006 respectively, from Istanbul Technical University, Turkey. He completed his
Ph.D. in Mechanical Engineering in 2011 at Rice University and was a Research
Assistant at the Mechatronics and Haptic Interfaces (MAHI) Lab from 2006 to
2011. He was an Assistant Professor at San Francisco State University from 2011
to 2013. He is currently an Assistant Professor at Colorado School of Mines and
Director of the Biomechatronics Research Laboratory. He was a recipient of the
best paper award at the IEEE World Haptics Conference in 2011. His research
interests include robotic rehabilitation, biomechatronics, robotics, haptics,
human sensorimotor control system, motor adaptation and learning.
DW received his B.A. in Music from the University of Georgia in 2009 and his
M.S. in Computer Science from San Francisco State University in 2013.
Between 2012–2013, he was a Research Assistant in the School of



Webster and Celik Journal of NeuroEngineering and Rehabilitation 2014, 11:108 Page 22 of 24
http://www.jneuroengrehab.com/content/11/1/108

Engineering’s Biomechatronics Research Laboratory. His research interests
include computer vision, human-computer interaction, biomechatronics,
robotic rehabilitation, and kinematic modeling.

Acknowledgements
This work was supported in part by a Center for Computing for Life Sciences
(CCLS) research grant at San Francisco State University. The authors would like
to thank the anonymous reviewers for their constructive and insightful
comments and suggestions.

Author details
1Department of Computer Science, San Francisco State University, San
Francisco, CA 94132, USA. 2Department of Mechanical Engineering, Colorado
School of Mines, Golden, CO 80401, USA.

Received: 24 September 2013 Accepted: 24 June 2014
Published: 3 July 2014

References
1. Christensen K, Doblhammer G, Rau R, Vaupel JW: Ageing populations:

the challenges ahead. Lancet 2009, 374(9696):1196–1208.
2. Tanaka K, Parker J, Baradoy G, Sheehan D, Holash JR, Katz L: A

comparison of exergaming interfaces for use in rehabilitation
programs and research. Loading... 2012, 6(9):69–81.

3. World Health Organization: International Classification of Functioning,
Disability and Health (ICF). Geneva: WHO; 2002.

4. Berg K, Wood-Dauphinee S, Williams J: The Balance Scale: reliability
assessment with elderly residents and patients with an acute stroke.
Scand J Rehabil Med 1995, 27:27–36.

5. Tinetti ME: Performance-oriented assessment of mobility problems
in elderly patients. J Am Geriatr Soc 1986, 34(2):119–126.

6. Rossier P, Wade DT: Validity and reliability comparison of 4 mobility
measures in patients presenting with neurologic impairment. Arch
Phys Med Rehabil 2001, 82:9–13.

7. Tinetti ME, Speechley M, Ginter SF: Risk factors for falls among elderly
persons living in the community. N Engl J Med 1988,
319(26):1701–1707.

8. O’Loughlin JL, Robitaille Y, Boivin JF, Suissa S: Incidence of and risk
factors for falls and injurious falls among the community-dwelling
elderly. Am J Epidemiol 1993, 137(3):342–354.

9. Arfken CL, Lach HW, Birge SJ, Miller JP: The prevalence and correlates of
fear of falling in elderly persons living in the community. Am J Public
Health 1994, 84(4):565–570.

10. Rubenstein LZ: Falls in older people: epidemiology, risk factors and
strategies for prevention. Age Ageing 2006, 35(suppl 2):ii37–ii41.

11. Fuller GF: Falls in the elderly. Am Fam Physician 2000, 61(7):2159–2168.
12. Kannus P, Sievänen H, Palvanen M, Järvinen T, Parkkari J: Prevention of

falls and consequent injuries in elderly people. Lancet 2005,
366(9500):1885–1893.

13. Tinetti ME: Preventing falls in elderly persons. N Engl J Med 2003,
348:42–49.

14. Chang JT, Morton SC, Rubenstein LZ, Mojica WA, Maglione M, Suttorp MJ,
Roth EA, Shekelle PG: Interventions for the prevention of falls in older
adults: systematic review and meta-analysis of randomised clinical
trials. Br Med J 2004, 328(7441):680.

15. Stevens JA, Corso PS, Finkelstein EA, Miller TR: The costs of fatal and
non-fatal falls among older adults. Inj Prev 2006, 12(5):290–295.

16. Friedman SM, Munoz B, West SK, Rubin GS, Fried LP: Falls and fear of
falling: which comes first? A longitudinal prediction model suggests
strategies for primary and secondary prevention. J Am Geriatr Soc
2002, 50(8):1329–1335.

17. Alexander B, Rivara FP, Wolf ME: The cost and frequency of
hospitalization for fall-related injuries in older adults. Am J Public
Health 1992, 82(7):1020–1023.

18. Planinc R, Kampel M: Introducing the use of depth data for fall
detection. Pers Ubiquitous Comput 2013, 17(6):1063–1072.

19. Zhang C, Tian Y, Capezuti E: Privacy preserving automatic fall
detection for elderly using RGBD cameras. In Computers Helping
People with Special Needs. Lecture Notes in Computer Science. Volume 7382:
Springer-Verlag Berlin Heidelberg; 2012:625–633.

20. Lee YS, Chung WY: Visual sensor based abnormal event detection
with moving shadow removal in home healthcare applications.
Sensors 2012, 12:573–584.

21. Mastorakis G, Makris D: Fall detection system using Kinect’s infrared
sensor. J Real-Time Image Process 2012:1–12. Springer.

22. Rougier C, Auvinet E, Rousseau J, Mignotte M, Meunier J: Fall detection
from depth map video sequences. In Toward Useful Services for Elderly
and People with Disabilities: Springer-Verlag Berlin Heidelberg;
2011:121–128.

23. Stone EE: Skubic M: Passive, in-home gait measurement using an
inexpensive depth camera: initial results. In 2012 6th International
Conference on Pervasive Computing Technologies for Healthcare
(PervasiveHealth): IEEE; 2012:183–186.

24. Stone E, Skubic M: Evaluation of an inexpensive depth camera for
in-home gait assessment. J Ambient Intell Smart Environ 2011,
3(4):349–361.

25. Gabel M, Gilad-Bachrach R, Renshaw E, Schuster A: Full body gait
analysis with Kinect. In Engineering in Medicine and Biology Society
(EMBC), 2012 Annual International Conference of the IEEE: IEEE;
2012:1964–1967.

26. Parajuli M, Tran D, Ma W, Sharma D: Senior health monitoring using
Kinect. In Communications and Electronics (ICCE), 2012 Fourth International
Conference on: IEEE; 2012:309–312.

27. Chang CY, Lange B, Zhang M, Koenig S, Requejo P, Somboon N, Sawchuk
AA, Rizzo AA: Towards pervasive physical rehabilitation using
Microsoft Kinect. In Pervasive Computing Technologies for Healthcare
(PervasiveHealth), 2012 6th International Conference on: IEEE; 2012:159–162.

28. Clark RA, Pua YH, Fortin K, Ritchie C, Webster KE, Denehy L, Bryant AL:
Validity of the Microsoft Kinect for assessment of postural control.
Gait Posture 2012, 36(3):372–377.

29. Obdrzalek S, Kurillo G, Ofli F, Bajcsy R, Seto E, Jimison H, Pavel M:
Accuracy and robustness of Kinect pose estimation in the context of
coaching of elderly population. In Engineering in Medicine and Biology
Society (EMBC), 2012 Annual International Conference of the IEEE: IEEE;
2012:1188–1193.

30. Loconsole C, Banno F, Frisoli A, Bergamasco M: A new Kinect-based
guidance mode for upper limb robot-aided neurorehabilitation. In
Intelligent Robots and Systems (IROS), 2012 IEEE/RSJ International Conference
on: IEEE; 2012:1037–1042.

31. Fernandez-Baena A, Susin A, Lligadas X: Biomechanical validation of
upper-body and lower-body joint movements of kinect motion
capture data for rehabilitation treatments. In Intelligent Networking
and Collaborative Systems (INCoS), 2012 4th International Conference on:
IEEE; 2012:656–661.

32. Pedro LM, de Paula Caurin GA: Kinect evaluation for human body
movement analysis. In Biomedical Robotics and Biomechatronics (BioRob)
2012 4th IEEE RAS & EMBS International Conference on: IEEE;
2012:1856–1861.

33. John M, Klose S, Kock G, Jendreck M, Feichtinger R, Hennig B, Reithinger
N, Kiselev J, Gövercin M, Steinhagen-Thiessen E, Kausch S, Polak M,
Irmscher B: Smartsenior’s interactive trainer-development of an
interactive system for a home-based fall-prevention training for
elderly people. In Ambient Assisted Living: Springer; 2012:305–316.

34. Borghese NA, Pirovano M, Mainetti R, Lanzi PL: An integrated low-cost
system for at-home rehabilitation. In Virtual Systems and Multimedia
(VSMM), 2012 18th International Conference on: IEEE; 2012:553–556.

35. Pirovano M, Mainetti R, Baud-Bovy G, Lanzi PL, Borghese NA:
Self-adaptive games for rehabilitation at home. In Computational
Intelligence and Games (CIG), 2012 IEEE Conference on: IEEE; 2012:
179–186.

36. Wiemeyer J, Kliem A: Serious games in prevention and
rehabilitation—a new panacea for elderly people? Eur Rev Aging Phys
Activ 2012, 9:41–50.

37. Province MA, Hadley EC, Hornbrook MC, Lipsitz LA, Miller JP, Mulrow CD,
Ory MG, Sattin RW, Tinetti ME, Wolf SL, Schechtman KB, Arfken CL,
Rossiter-Fornoff J, Stevens VJ, Wingfield DJ, Greenlick MR, Baker DI,
Claus EB, Horwitz RI, Buchner DM, Wagner EH, de Lateur BJ, Cress ME,
Price R, Abrass IB, Esselman P, Marguerita T, Cynthia D, Mulrow MB,
Gerety JE, et al.: The effects of exercise on falls in elderly patients a
preplanned meta-analysis of the FICSIT trials. JAMA 1995,
273(17):1341–1347.



Webster and Celik Journal of NeuroEngineering and Rehabilitation 2014, 11:108 Page 23 of 24
http://www.jneuroengrehab.com/content/11/1/108

38. Sherrington C, Whitney JC, Lord SR, Herbert RD, Cumming RG, Close JC:
Effective exercise for the prevention of falls: a systematic review
and meta-analysis. J Am Geriatr Soc 2008, 56(12):2234–2243.

39. Erickson KI, Prakash RS, Voss MW, Chaddock L, Hu L, Morris KS, White SM,
Wójcicki TR, McAuley E, Kramer AF: Aerobic fitness is associated with
hippocampal volume in elderly humans. Hippocampus 2009,
19(10):1030–1039.

40. Gardner MM, Robertson MC, Campbell AJ: Exercise in preventing falls
and fall related injuries in older people: a review of randomised
controlled trials. Br J Sports Med 2000, 34:7–17.

41. Heyn P, Abreu BC, Ottenbacher KJ: The effects of exercise training on
elderly persons with cognitive impairment and dementia: a
meta-analysis. Arch Phys Med Rehabil 2004, 85(10):1694–1704.

42. Taddei S, Galetta F, Virdis A, Ghiadoni L, Salvetti G, Franzoni F, Giusti C,
Salvetti A: Physical activity prevents age-related impairment in nitric
oxide availability in elderly athletes. Circulation 2000,
101(25):2896–2901.

43. Geffken DF, Cushman M, Burke GL, Polak JF, Sakkinen PA, Tracy RP:
Association between physical activity and markers of inflammation
in a healthy elderly population. Am J Epidemiol 2001, 153(3):
242–250.

44. Wannamethee SG, Lowe GD, Whincup PH, Rumley A, Walker M, Lennon L:
Physical activity and hemostatic and inflammatory variables in
elderly men. Circulation 2002, 105(15):1785–1790.

45. Klitgaard H, Mantoni M, Schiaffino S, Ausoni S, Gorza L, Laurent-Winter C,
Schnohr P, Saltin B: Function, morphology and protein expression of
ageing skeletal muscle: a cross-sectional study of elderly men with
different training backgrounds. Acta Physiol Scand 1990, 140:41–54.

46. Duncan P, Richards L, Wallace D, Stoker-Yates J, Pohl P, Luchies C, Ogle A,
Studenski S: A randomized, controlled pilot study of a home-based
exercise program for individuals with mild and moderate stroke.
Stroke 1998, 29(10):2055–2060.

47. Downs SH, Black N: The feasibility of creating a checklist for the
assessment of the methodological quality both of randomised and
non-randomised studies of health care interventions. J Epidemiol
Community Health 1998, 52(6):377–384.

48. Golby C, Raja V, Lewando Hundt G, Badiyani S: A low cost ‘activities of
daily living’ assessment system for the continual assessment of post-
stroke patients, from inpatient/outpatient rehabilitation through to
telerehabilitation. In Successes and Failures in Telehealth; 2011.

49. Deandrea S, Lucenteforte E, Bravi F, Foschi R, La Vecchia C, Negri E: Risk
factors for falls in community-dwelling older people: a systematic
review and meta-analysis. Epidemiology 2010, 21(5):658–668.

50. Kepski M, Kwolek B: Fall detection on embedded platform using
kinect and wireless accelerometer. In Computers Helping People with
Special Needs: Springer; 2012:407–414.

51. Friedman JH: Stochastic gradient boosting. Comput Stat Data Anal
2002, 38(4):367–378.

52. Friedman JH: Greedy function approximation: a gradient boosting
machine. Ann Stat 2001, 29:1189–1232.

53. Burges CJ: A tutorial on support vector machines for pattern
recognition. Data Min Knowl Discov 1998, 2(2):121–167.

54. Maggiorini D, Ripamonti LA, Zanon E: Supporting seniors
rehabilitation through videogame technology: A distributed
approach. In Games and Software Engineering (GAS), 2012 2nd
International Workshop on: IEEE; 2012:16–22.

55. Coughlin JF, D’Ambrosio LA, Reimer B, Pratt MR: Older adult
perceptions of smart home technologies: implications for research,
policy & market innovations in healthcare. In Engineering in Medicine
and Biology Society, 2007. EMBS 2007. 29th Annual International Conference
of the IEEE: IEEE; 2007:1810–1815.

56. Choe EK, Consolvo S, Jung J, Harrison B, Kientz JA: Living in a glass
house: a survey of private moments in the home. In Proceedings of the
13th international conference on Ubiquitous computing: ACM; 2011:41–44.

57. Pirapinthan M, Moulton B, Lal S: Trends in home-based safety and
health alert support systems for older people. In Broadband and
Biomedical Communications (IB2Com), 2011 6th International Conference
on; 2011:206–212.

58. Dobkin BH: Rehabilitation after stroke. N Engl J Med 2005,
352(16):1677–1684.

59. Lange B, Chang CY, Suma E, Newman B, Rizzo AS, Bolas M: Development
and evaluation of low cost game-based balance rehabilitation tool
using the Microsoft Kinect sensor. In Engineering in Medicine and
Biology Society, EMBC, 2011 Annual International Conference of the IEEE: IEEE;
2011:1831–1834.

60. Crosbie J, Lennon S, Basford J, McDonough S: Virtual reality in stroke
rehabilitation: still more virtual than real. Disabil Rehabil 2007,
29(14):1139–1146.

61. Merians AS, Jack D, Boian R, Tremaine M, Burdea GC, Adamovich SV,
Recce M, Poizner H: Virtual reality–augmented rehabilitation for
patients following stroke. Phys Ther 2002, 82(9):898–915.

62. Stone RJ: Haptic feedback: a brief history from telepresence to
virtual reality. In Haptic Human-Computer Interaction: Springer; 2001:
1–16.

63. Hussain A, Roach N, Balasubramanian S, Burdet E: A modular sensor-
based system for the rehabilitation and assessment of manipulation.
In Haptics Symposium (HAPTICS), 2012 IEEE: IEEE; 2012:247–254.

64. Croarkin E, Danoff J, Barnes C: Evidence-based rating of
upper-extremity motor function tests used for people following a
stroke. Physical Therapy 2004, 84:62–74. [http://ptjournal.apta.org/
content/84/1/62]

65. Bó APL, Hayashibe M, Poignet P: Joint angle estimation in
rehabilitation with inertial sensors and its integration with Kinect. In
Engineering in Medicine and Biology Society, EMBC, 2011 Annual
International Conference of the IEEE: IEEE; 2011:3479–3483.

66. Saposnik G, Levin M: Virtual reality in stroke rehabilitation a
meta-analysis and implications for clinicians. Stroke 2011,
42(5):1380–1386.

67. Da Gama A, Chaves T, Figueiredo L, Teichrieb V: Poster: improving
motor rehabilitation process through a natural interaction based
system using kinect sensor. In 3D User Interfaces (3DUI), 2012 IEEE
Symposium on: IEEE; 2012:145–146.

68. Pastor I, Hayes HA, Bamberg SJ: A feasibility study of an upper limb
rehabilitation system using kinect and computer games. In
Engineering in Medicine and Biology Society (EMBC), 2012 Annual
International Conference of the IEEE: IEEE; 2012:1286–1289.

69. Yeh SC, Hwang WY, Huang TC, Liu WK, Chen YT, Hung YP: A study for
the application of body sensing in assisted rehabilitation training. In
Computer, Consumer and Control (IS3C), 2012 International Symposium on:
IEEE; 2012:922–925.

70. Shiratuddin MF, Hajnal A, Farkas A, Wong KW, Legradi G: A proposed
framework for an interactive visuotactile 3D virtual environment
system for visuomotor rehabilitation of stroke patients. In Computer
& Information Science (ICCIS), 2012 International Conference on. Volume 2:
IEEE; 2012:1052–1057.

71. Frisoli A, Loconsole C, Leonardis D, Banno F, Barsotti M, Chisari C,
Bergamasco M: A new gaze-BCI-driven control of an upper limb
exoskeleton for rehabilitation in real-world tasks. IEEE Trans Syst Man
Cybern C Appl Rev 2012, 42(6):1169–1179.

72. Legg L, Langhorne P: Rehabilitation therapy services for stroke
patients living at home: systematic review of randomised trials.
Lancet 2004, 363(9406):352–356.

73. Holden MK: Virtual environments for motor rehabilitation: review.
Cyberpsychol Behav 2005, 8(3):187–211.

74. Staiano AE, Calvert SL: The promise of exergames as tools to measure
physical health. Entertain Comput 2011, 2:17–21.

75. Garcia JA, Navarro KF, Schoene D, Smith ST, Pisan Y: Exergames for the
elderly: towards an embedded Kinect-based clinical test of falls risk.
Stud Health Technol Inform 2012, 178:51–57.

76. Marston HR, Smith ST: Interactive videogame technologies to support
independence in the elderly: a narrative review. Game Health J 2012,
1(2):139–152.

77. Smith ST, Schoene D: The use of exercise-based videogames for
training and rehabilitation of physical function in older adults:
current practice and guidelines for future research. Aging Health
2012, 8(3):243–252.

78. Gerling K, Masuch M: When gaming is not suitable for everyone:
playtesting wii games with frail elderly. In 1st Workshop on Game
Accessibility: Xtreme Interaction Design (GAXID’11): ACM; 2011.

79. Pham TP, Theng YL: Game controllers for older adults: experimental
study on gameplay experiences and preferences. In Proceedings of the

http://ptjournal.apta.org/content/84/1/62
http://ptjournal.apta.org/content/84/1/62


Webster and Celik Journal of NeuroEngineering and Rehabilitation 2014, 11:108 Page 24 of 24
http://www.jneuroengrehab.com/content/11/1/108

International Conference on the Foundations of Digital Games: ACM;
2012:284–285.

80. Arntzen A: Game based learning to enhance cognitive and physical
capabilities of elderly people: concepts and requirements. World
Acad Sci Eng Tech 2011, 60:63–67.

81. Gerling KM, Schulte FP, Masuch M: Designing and evaluating digital
games for frail elderly persons. In Proceedings of the 8th International
Conference on Advances in Computer Entertainment Technology: ACM;
2011:62.

82. McNeill M, Charles D, Burke J, Crosbie J, McDonough S: Evaluating user
experiences in rehabilitation games. J Assistive Technol 2012,
6(3):173–181.

83. Jiang H, Duerstock BS, Wachs JP: Integrated gesture recognition based
interface for people with upper extremity mobility impairments. In
Advances in Human Aspects of Healthcare. Edited by Duffy VG: CRC Press;
2012:546–555.

84. Hassani AZ, van Dijk B, Ludden G, Eertink H: Touch versus in-air hand
gestures: evaluating the acceptance by seniors of human-robot
interaction. In Ambient Intelligence: Springer; 2011:309–313.

85. Gerling K, Livingston I, Nacke L, Mandryk R: Full-body motion-based
game interaction for older adults. In Proceedings of the 2012 ACM
annual conference on Human Factors in Computing Systems: ACM;
2012:1873–1882.

86. Sun TL, Lee CH: An impact study of the design of exergaming
parameters on body intensity from objective and gameplay-based
player experience perspectives, based on balance training
exergame. PloS one 2013, 8(7):e69471.

87. Chiang IT, Tsai JC, Chen ST: Using Xbox 360 kinect games on
enhancing visual performance skills on institutionalized older adults
with wheelchairs. In Digital Game and Intelligent Toy Enhanced Learning
(DIGITEL), 2012 IEEE Fourth International Conference on: IEEE; 2012:263–267.

88. Chen ST, Huang YG, Chiang IT: Using somatosensory video games to
promote quality of life for the elderly with disabilities. In Digital
Game and Intelligent Toy Enhanced Learning (DIGITEL), 2012 IEEE Fourth
International Conference on: IEEE; 2012:258–262.

89. Ijsselsteijn W, Nap HH, de Kort Y, Poels K: Digital game design for
elderly users. In Proceedings of the 2007 conference on Future Play: ACM;
2007:17–22.

90. Berg KO, Wood-Dauphinee SL, Williams JI, Maki B: Measuring balance in
the elderly: validation of an instrument. Can J Public Health 1991,
83:S7—S11.

91. Lange B, Rizzo S, Chang C-Y, Suma EA, Bolas M: Markerless full body
tracking: depth-sensing technology within virtual environments. In
The Interservice/Industry Training, Simulation & Education Conference
(I/ITSEC), No. 11363: NTSA; 2011:1–8.

92. Huang MC, Chen E, Xu W, Sarrafzadeh M: Gaming for upper extremities
rehabilitation. In Proceedings of the 2nd Conference on Wireless Health:
ACM; 2011:27.

93. Sadihov D, Migge B, Gassert R, Kim Y: Prototype of a VR upper-limb
rehabilitation system enhanced with motion-based tactile
feedback. In World Haptics Conference (WHC), 2013: IEEE; 2013:449–454.

94. Saini S, Rambli DRA, Sulaiman S, Zakaria MN, Shukri M, Rohkmah S: A
low-cost game framework for a home-based stroke rehabilitation
system. In Computer & Information Science (ICCIS), 2012 International
Conference on, Volume 1: IEEE; 2012:55–60.

95. Lloréns R, Alcañiz M, Colomer C, Navarro MD: Balance recovery through
virtual stepping exercises using Kinect skeleton tracking: a
follow-up study with chronic stroke patients. In Annual Review of
Cybertherapy and Telemedicine 2012: Advanced Technologies in the
Behavioral, Social and Neurosciences. Volume 181. Edited by Wiederhold
BK, Riva G: IOS Press; 2012:108–112.

96. Liston RA, Brouwer BJ: Reliability and validity of measures obtained
from stroke patients using the balance master. Arch Phys Med Rehabil
1996, 77(5):425–430.

doi:10.1186/1743-0003-11-108
Cite this article as: Webster and Celik: Systematic review of Kinect
applications in elderly care and stroke rehabilitation. Journal of
NeuroEngineering and Rehabilitation 2014 11:108.

Submit your next manuscript to BioMed Central
and take full advantage of: 

• Convenient online submission

• Thorough peer review

• No space constraints or color figure charges

• Immediate publication on acceptance

• Inclusion in PubMed, CAS, Scopus and Google Scholar

• Research which is freely available for redistribution

Submit your manuscript at 
www.biomedcentral.com/submit


	Abstract
	Introduction
	Methods
	Inclusion criteria
	Exclusion criteria
	Information databases & search methodology
	Data collection and presentation
	Contingency bias

	Results
	Kinect applications in elderly care
	Fall detection
	Fall risk reduction
	Gait assessment to reduce fall events

	Limitations of Kinect-based elderly care

	Kinect applications in stroke rehabilitation
	Evaluation of Kinect's spatial accuracy
	Kinect-based rehabilitation methods
	Limitations of Kinect-based stroke rehabilitation

	Serious and exercise games
	Design considerations
	Exercise games
	Serious games
	Limitations of current Kinect-based serious and exercise games

	Discussion
	Remarks and suggestions for future work

	Conclusions
	Abbreviations
	Competing interests
	Authors' contributions
	Authors' information
	Acknowledgements
	Author details
	References


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /PageByPage
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.1000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV <>
    /HUN <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [595.440 793.440]
>> setpagedevice


