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A B S T R A C T

Background: Three-dimensional camera systems that integrate depth assessment with traditional two-dimen-
sional images, such as the Microsoft Kinect, Intel Realsense, StereoLabs Zed and Orbecc, hold great promise as
physical function assessment tools. When combined with point cloud and skeleton pose tracking software they
can be used to assess many different aspects of physical function and anatomy. These assessments have received
great interest over the past decade, and will likely receive further study as the integration of depth sensing and
augmented reality smartphone cameras occurs more in everyday life.
Research Question: The aim of this review is to discuss how these devices work, what options are available, the
best methods for performing assessments and how they can be used in the future.
Methods: Firstly, a review of the Microsoft Kinect devices and associated artificial intelligence, automated
skeleton tracking algorithms is provided. This includes a narrative critique of the validity and clinical utility of
these devices for assessing different aspects of physical function including spatiotemporal, kinematic and inverse
dynamics data derived from gait and balance trials, and anatomical assessments performed using the depth
sensor information. Methods for improving the accuracy of data are examined, including multiple-camera sys-
tems and sensor fusion with inertial monitoring units, model fitting, and marker tracking. Secondly, alternative
hardware, including other structured light and time of flight methods, stereoscopic cameras and augmented
reality leveraging smartphone and tablet cameras to perform measurements in three-dimensional space are
summarised. Software options related to depth sensing cameras are then discussed, focussing on recent advances
such as OpenPose and web-based methods such as PoseNet.
Results and Significance: The clinical and non-laboratory utility of these devices holds great promise for physical
function assessment, and recent developments could strengthen their ability to provide important and impactful
health-related data.

1. Introduction

The Microsoft Kinect was the first mass produced, three-dimen-
sional (3D) camera that possessed a price point making it available to
almost any consumer. When combined with automated skeleton
tracking software incorporating artificial intelligence, this device pro-
vided unparalleled access to a low-cost, marker-less platform for as-
sessing the kinematic and spatiotemporal aspects of physical function in
healthy and clinical populations. This review will discuss:

1) How the Microsoft Kinect provided low-cost, widely available access

to advanced 3D camera technology. This section will summarise the
two models that were designed and sold for gaming purposes, how
they functioned and their current status.

2) While the Microsoft Kinect SDK was a powerful tool for extracting
segment position and 3D joint angles, much of the data was highly
questionable with respect to validity and reliability. The types of
assessments that have incorporated skeleton tracking and raw
camera sensor data will be examined, including comments on the
validity, reliability and clinical utility. A summary of the benefits
and limitations of marker-less tracking is also provided.

3) How methods such as multiple depth cameras, model-based
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assessments, marker-tracking and sensor fusion have been used to
improve data quality.

4) With the cessation of the Kinect as a mass-produced system speci-
fically designed for gaming, what other devices are available? This
will include common systems such as structured light, time of flight
and stereoscopic cameras, in addition to recent advances using
standard cameras and augmented reality.

5) The different software methods for estimating human poses and
obtaining skeleton tracking information. This will focus on recent
advances including Openpose and PoseNet. For this review, pose
recognition will be defined as skeleton tracking.

6) Finally, with the production of the Kinect V2 ceasing, what does the
future hold in this field? This review ends with a brief outline of
potential future uses of depth cameras in the field of clinical as-
sessments.

2. What Kinect hardware and software is available?

The Microsoft Kinect was designed as a gaming device to counter
the “exergaming” peripherals released by Nintendo (for example, the
Wii Balance Board and Wii Hand Controllers) and Sony (for example,
the PlayStation EyeToy). While commercial gaming controllers that
required more than just button manipulation had existed decades prior
to these devices (for example, the Nintendo Power Glove), the Nintendo
Wii devices were the first time that these systems had sold in large
quantities. From a biomechanical and research perspective the
Nintendo devices were the first to be used for physical function as-
sessment of a wide range of tasks. This included the Wii Balance Board
being used as a balance and weight bearing asymmetry assessment and
feedback device [1–3], and the hand controllers used for gesture re-
cognition [4] and to assess gait speed [5]. Arguably, the key difference
between the Nintendo devices and the Microsoft Kinect was that the
latter represented a true evolution in technology. The Nintendo devices
were low-cost, mass-produced variations of existing devices that people
in biomechanics laboratories were accustomed to. For example, the Wii
Balance Board was a replica of a force platform, and the Wii Hand
Controller used an inertial monitoring unit (IMU) and light tracker to
determine its position in 3D space. The Kinect V1 was much different:

2.1. Kinect V1

The Kinect V1 (also known as the Xbox 360 Kinect) used an infrared
structured light 2D camera to create a 3D depth representation of the
space in front of it. The structured light pattern matching method was
quite simplistic, with clusters of infrared dots observed and the size of
the pattern used to determine distance from the camera. For this reason,
the structured light method is often referred to as speckle pattern
matching.

To highlight how this works, the closer to an object that the pattern
is reflected on, the smaller the pattern appears to the camera (Fig. 1).

Because the segment is closer to the camera it does not allow the
speckle pattern to disperse as widely, and thus the pattern appears more
clustered. Each dot within a pattern can be reused in many different
patterns, and as such a relatively precise depth position for each pixel of
the camera can be calculated based on thousands of clusters. By per-
forming simple trigonometry, it was possible to determine the position
and distance in 3D space for each pixel. Because we know the distance
to an object from the camera, and we know that at that distance from
the camera each pixel has a width of X and height of Y, we can de-
termine displacement in all three axes. To allow for specific sections of
the depth image to be assessed, the image data collected from the two-
dimensional (2D) video camera in the Kinect could be overlayed on the
depth data. By doing this the 3D position in space of individual pixels
could be determined that corresponded to points of interest such as
anatomical landmarks.

2.2. Kinect V2

With the exception of an additional 2D infrared image, the data
derived from the Kinect V2 (also known as the Xbox One Kinect) was
consistent with the Kinect V1 in that a 2D video image, 3D depth image
and skeleton and facial tracking information could be extracted from
the SDK. However, the Kinect V2 used a different, time-of-flight method
for creating the depth map which promised increased resolution and
accuracy. In its simplest form, this method measures the time it takes a
light source to bounce back from a reflected target, and given the speed
of light is constant the distance to the objects surface can be calculated.
Advances in single beam time-of-flight systems related to autonomous
driving have made them an excellent, low-cost method for assessing
gait speed [6], however they do not provide depth map capability. To
achieve this, the Kinect V2 used an advanced matricial time of flight
camera, for further details on how this method functions refer to other
technical papers [7,8].

2.3. Skeleton tracking with the Kinect systems

One of the most exciting aspects of the Kinect was the ability to
automatically identify anatomical landmarks in close to real-time using
artificial intelligence. Briefly, this allowed for the extraction of joint
centres and segment orientation, providing the ability to calculate joint
kinematics and spatiotemporal aspects of movement. The Kinect SDK
has a very simple interface with extensive documentation available
online, and was built for the most common depth camera. Therefore, it
is unsurprising that it is the most commonly used method for assessing
skeleton tracking. Based on a publication from the Microsoft Research
team [13], the algorithm for identifying the anatomical landmarks was
created by training a randomised decision forest algorithm using a
subset of 100,000 depth scans of a variety of movements including
running, dancing, driving, kicking and navigating menus. For a com-
plete description of the methodology refer to the paper by Shotton et al

Fig. 1. An example of how infrared structured light is used to create a 3D reconstruction of the scene in front of the depth camera. In A) the patterns of infrared dots
can be seen, with dot patterns on body segments closer to the camera (eg. hand) appearing closer together and those on more distant body parts (eg. thighs)
appearing more separated. B) shows the image recorded from the standard 2D colour video camera, and C) show the depth map reconstruction. In this case, C) is
derived from the infrared dot pattern, with pixels appearing blue being closer to the camera and a linear progression to red pixels being the furthest away (For
interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article).
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[13]. While the Microsoft SDK received widespread use, its restriction
to the Kinect system has also now made it currently obsolete. This may
change in the future with the Project Azure Kinect, however it is un-
likely the SDK will remain in its current format given that the Project
Azure Kinect is designed as a web platform. It may also be problematic,
for example in situations such as hospitals and remote areas where
internet access may be limited.

The OpenNI/NI2 and NiTE platform was one of the first used for
performing skeleton tracking with the original Kinect [14]. OpenNI
allowed interfacing with the Kinect hardware, while the Primesense
NiTE software provided the pose estimation information. It is unclear if
the skeleton tracking algorithm provided data similar in accuracy to the
Kinect SDK. One study compared data using these two methods and
compared them to a custom, side-on algorithm created using depth data
[15]. Their results (subjectively assessed based on Figure 10 in the
article) suggest that the Kinect SDK may perform better or on par with
the OpenNI method when tracking most joints, with the exception of
the head during a Tinetii Test. However, this study had numerous
limitations. This included the use of surface markers placed on the
lateral surface of the subjects and captured using the infrared camera in
the Kinect as the criterion reference, which do not represent joint
centres in 3D space and would bias findings against the front-on algo-
rithms. With support for the OpenNI and Primesense NiTE software
ceased soon after it was purchased by Apple in 2013, the future utility
of it is unclear.

2.4. Comparing the Kinect V1 and V2

2.4.1. Depth map accuracy
Interestingly, the Kinect V2 did not always outperform the Kinect

V1 in terms of depth map accuracy despite its more recent release,
higher resolution and time of flight technique. Whilst the Kinect V2 did
not have the exponential inaccuracy associated with the Kinect V1 the
further the object was away from the camera [9], it was susceptible to
inaccuracies based on colour and operating temperature that were not
as detrimental for the Kinect V1 [10]. Importantly, under some specific
conditions the Kinect V1 was found to be more precise than the V2
[10], and authors went so far as to provide guidelines on which model
to use based on the desired application [8]. However, this was con-
founded by evidence that differences in performance existed even
within some model variants of the same Kinect version [11].

2.4.2. Skeleton tracking
There is no strong evidence that the Kinect V2 outperformed the

Kinect V1 with respect to accuracy of the skeleton tracking, however it
is feasible that the more consistent sampling rate and accuracy of the
depth camera of the V2, and alterations over time to the SDK, may have
improved performance. One study by Reither et al. [12] compared the
two Kinect versions to a criterion reference (an eight camera marker-
based system) and observed that the V1 device underestimated
reaching displacements but was similar to the V2 for kinematics,
however the relative consistency that each device had with the criterion
reference was overall very similar. This may have been related to the
displacement error associated with the V1′s depth camera, which is
used in the trigonometry calculation to calculate distance on each axis.

3. What assessments can be performed – and are they valid?

3.1. Balance and Functional Tasks

Of all the physical function assessments that the Kinect and other
depth cameras hold promise for, potentially the most clinically feasible
and useful one is as an automated balance and postural control as-
sessment tool. While the Nintendo Wii Balance Board, which is a force
platform, has shown great potential as a low-cost clinical balance as-
sessment device [17], it and more advanced laboratory-based systems

such as three-dimensional motional analysis (3DMA) or force platforms
have a number of limitations that are overcome by the Kinect. This
includes:

1 In contrast to force platforms, they do not require the person to step
onto a raised platform which itself is a fall hazard, or have the ex-
pense of requiring the sensor to be embedded into the floor.
Additionally, individual segments can be tracked to examine specific
postural movements, for example, the anterior-posterior sway of the
trunk relative to the ankle joint centre during a forward limits of
stability test. In contrast, force platforms only provide composite
measures, and therefore it is difficult to identify specific postural
strategies during balance tasks.

2 Where depth image accuracy is not affected by distance to the object
(for example with the Kinect V2) the test does not need to be per-
formed in an identical location each time. This provides testing
flexibility, and because most systems can track multiple people at
once, allows simultaneous patient assessment.

3 In contrast to 3DMA systems or IMUs, nothing needs to be placed on
the patient. This significantly reduces assessment time.

Given these potential advantages, many studies have examined the
Kinect for assessment of balance and postural control [18–23]. One of
the first studies to validate the Kinect as a physical function assessment
tool was performed using balance tests [18], and since then many
studies have examined the validity of both the Kinect V1 and V2 [24].
Overall, the findings indicate that for relatively static or slow-moving
tests performed with a fixed base of support, as the task movement
increases the validity improves [18,24]. This is to be expected, as the
Kinect algorithm includes filtering properties to smooth the data and
therefore small (eg. < 2mm) oscillations are unlikely to be correctly
recorded. This is an important consideration if using the Kinect or other
depth cameras to assess balance and postural control, as simple eyes
open two-legged balance in a healthy cohort may not provide accurate
information, whereas the validity of the same test in a population with
advanced Parkinson’s disease may be satisfactory.

The Kinect has also been used to assess more dynamic balance tests,
such as the functional reach and sit-to-stand tasks [25], and composite
tasks such as the timed up and go [26]. Studies indicate that the Kinect
is particularly useful for assessing trunk motion during trials such as the
functional reach or limits of stability. For a test such as the timed up
and go, it can be used to break down the individual components of the
assessment into variables such as the time taken to stand up, step
lengths, gait speed, time taken to turn and the total task time [26]. One
prior study performed in a cohort of participants post-stroke found that
the length of the first step during the TUG provides additional in-
formation over and above the total TUG time [26]. While this could
potentially provide useful information about a patient’s expected long-
term outcomes, it is unclear if this is worthwhile given the inaccuracy
associated with some of the variables extracted from the Kinect. This is
particularly important when considering the turning movement, as the
Kinect cannot accurately record postural movement when the person
performs the turn. Given the boom in low-cost IMUs currently avail-
able, and the ease of programming IMU chips with on-board calibration
and kinematic processing algorithms (for example, the Bosch BNO080
chipset), the Kinect and other marker-less tracking systems may not be
the optimal method to instrument these assessments.

3.2. Posture

Using the depth imaging camera, it is possible to create 3D maps of
anatomical landmarks. This can be achieved in multiple ways, in-
cluding:

1 Using depth image frames aligned with the object of interest. For
example, a study by Mentiplay et al. [27] assessed static foot posture
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using a Kinect by aligning the Kinect camera with the different axes
of the foot. The anatomical landmarks were then identified on the
image, and the 3D position of the landmarks extracted from the
depth data. The data extracted from the Kinect showed typically
excellent validity in comparison with a criterion reference 3DMA
system, and could be used to predict dynamic foot function [28].
This technique has also been used for other anatomical assessments,
including for assessing spinal curvature [29], patient size [30], and
lung function associated with respiratory volume [31]. This method
allows for rapid setup and assessment but cannot provide informa-
tion about landmarks that are not directly facing the camera.

2 Using multiple depth cameras to create a 3D model of the object of
interest. This can be achieved by setting up the depth cameras so
that they can provide unobstructed data that views all faces of the
object. For example, a depth camera could be setup in each corner of
the room and focused toward the midpoint. Given the known, static
positions of the cameras it is possible to map the object and create a
3D model. This method is likely to be the most accurate for full
anatomical assessments [32], however requires a large space and is
best suited to permanently mounted hardware. To the authors’
knowledge this technique is not regularly used in clinical settings,
however it has shown promise for mapping anatomical landmarks in
mannequins [33] and humans [34,35].

3 Using a single depth camera and moving it or the object to create a
full 3D reconstruction. This is perhaps the most exciting method, as
it allows for the creation of a 3D model without the need for mul-
tiple cameras [36]. This can be achieved using methods such as si-
multaneous location and mapping (SLAM), which stitches the con-
secutively recorded frames together to build a 3D model. Microsoft
released their own software which could achieve this (3D Scan), and
which provided subjectively impressive results. It is beyond the
scope of this review to describe this method in detail, however it
does have great potential in future anatomical and postural assess-
ment studies.

While research in clinical populations using these methods is lim-
ited, it does have great potential in some populations for monitoring
outcomes and disease progression. For example, in conditions such as
scoliosis or camptocormia these data could be used to examine change
over time in spinal curvature. Future research is needed to examine the
long-term reliability and sensitivity to change for monitoring disease
progression.

3.3. Overground gait

The greatest potential for gait assessment using 3D cameras would
be for overground walking, as it could have utility as a rapid screening
tool for clinical use if the outcome measures were shown to be valid.
However, early research and a review published in 2016 [37] reported
that the Kinect skeleton tracking algorithm was poor with respect to
most kinematic variables, and only some spatiotemporal variables such
as step length and step width were valid for use.

3.3.1. Kinematic analysis
While exhaustive comparisons of the different software (eg. OpenNI

vs. Microsoft SDK) and/or hardware (Kinect V1 vs. V2) methods have
not been performed, the available evidence from our own team and
others indicates that at best the joint angle data extracted from the
Kinect must be carefully chosen and validated for specific use cases
[38,39]. Despite this disclaimer, in our experience not all kinematic
data is invalid. We have observed that trunk angles can be highly ac-
curate, particularly if calibration offsets are used [40], and segments
such as the elbow and shoulder appear to have face validity for specific
tasks or in populations with pronounced impairments (for example,
associated reactions of the biceps). It is often reported that the pattern
of the kinematic data from the Kinect resembles criterion reference

data, but the magnitude and subtle aspects are confounded by error
[41,42].

3.3.2. Spatiotemporal analysis
In contrast, the spatiotemporal information relative to foot posi-

tioning and aspects of pelvis motion such as medial-lateral and vertical
displacement and forward progression velocity (i.e. gait speed) appears
reasonably robust and could potentially be useful in mass- and rapid-
screening settings [39]. Multiple studies have reported that foot posi-
tion related variables have excellent validity with criterion reference
systems such as marker-based 3DMA and pressure mats like the GAI-
TRite using the Microsoft Kinect SDK [39,43–46] and custom algo-
rithms based on depth data [47]. Given the potential importance of
variables such as step length, asymmetry and width this may provide
useful data for identifying people at risk of poor long-term outcomes.
Timing-related variables however have not been shown to have such
strong validity [39,44], potentially due to reasons including: 1) iden-
tifying ground contact or toe-off is very difficult given that the auto-
mated skeleton tracking algorithm struggles to identify the foot during
the swing phase; and 2) the camera samples at a relatively low (30 Hz)
and inconsistent rate, which can result in large timing inaccuracy if
errors of even a single frame are observed. These errors could poten-
tially be somewhat overcome by methods such as cyclical pattern
matching (for example autocorrelation) that do not rely on identifying a
discrete point in time but uses the overall pattern to identify movement,
and interpolating the data to increase the sample rate. However, before
using temporal information it must be determined whether this addi-
tional inaccuracy outweighs the potential for these temporal variables
to provide unique information over and above that provided by the
other spatial measures and overall gait speed.

3.3.3. Inverse dynamics
Based on the inconsistent kinematic agreement between the Kinect

and criterion reference systems, it is not surprising that studies which
have used the Kinect for inverse dynamics analysis have reported
modest findings [48,49]. For example, Plantard et al. [49] asked 12
healthy males to perform simple tasks consisting of lifting either
nothing or an empty cardboard box. During these trials the participants
were observed with a Kinect and a criterion reference 3DMA system.
Joint angles for the shoulder and elbow were derived, with the addition
of inverse dynamics calculated to determine the torque at each joint.
Similar to prior kinematic studies, the authors’ observed that the gen-
eral patterns for both joint angles and torques were consistent between
the systems using cross-correlation analysis. However, the root mean
square error expressed as a percentage for the joint torques was very
large, with none of the variables recording under 10% error and the
majority exceeding 20% between systems. Given the options for low-
cost (< $USD500) force platform technology available at present (for
example, the Pasco PASPORT), the benefits of attempting to predict
ground reaction forces from the Kinect are unclear.

3.4. Treadmill gait

Walking on a treadmill is well suited to skeletal tracking, as the
person remains within a confined location and repeated gait cycles can
be obtained. However, evidence is conflicting regarding the validity of
spatiotemporal and kinematic data from the Kinect during treadmill
walking. One study indicated that step length, step width, step time and
stride time have excellent agreement when compared with a criterion
reference marker based system, and that sagittal plane angles of the hip
and knee also had very good agreement [50]. However, that study had
a very small sample size (N=10) and as such wide confidence intervals
for statistical analysis. Another small sample size study (N=9) re-
ported that the Kinect could provide some accurate kinematic data for
the trunk [51]. In contrast, two prior studies [52,53], both with a larger
sample size (N=20 in both studies), reported that while the skeleton
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tracking data somewhat follows the trend for the joint trajectories of the
knee and hip, there is substantial error in the magnitude and as such it
cannot be recommended for assessing these kinematic variables.

4. Methods of optimising results

4.1. Model-based vs raw data

One method that has been proposed as a means of improving the
accuracy of data derived from the Kinect is to apply model fitting
[54,55]. This essentially fits the data acquired to the expected pattern
of the data to reduce noise. While studies have found that this can
improve the accuracy of the data [54,55], it also poses the problem that
by fitting the observed data to a normative pattern it may reduce the
ability to detect real gait impairments. Further research is required to
determine if this method of model fitting improves accuracy or overly
normalises the signal.

4.2. Marker-tracking with the kinect

The combination of a colour and depth camera that could provide
overlayed images had great potential for the creation of marker-
tracking systems. Put simply, the depth camera could be used to remove
all data from the colour image that was outside the capture volume of
the movement being performed. This improved the viability of per-
forming colour-based marker tracking in uncontrolled environments,
for example tracking red markers on a person when the wall behind
them may have red colours present on a poster. If a standard camera
was used this would require colour masking and algorithms to exclude
(if possible) the extraneous colour, which are often difficult to imple-
ment automatically. Once this information is removed using the depth
camera, colour matching to identify the marker in 2D space on the
standard video image is performed. From there, the pixel locations
corresponding to the marker position could be extracted and averaged
from the depth camera to locate the position in 3D space of each marker
that is tracked. As an example, in our own early research with the
Kinect (unpublished) we used spherical fitting with sub-pixel resolution
to track illuminated balls placed on the subject, and found that single
leg squatting kinematics were highly consistent with data derived from
a Vicon system. Numerous other authors have created marker-based
tracking systems using the Kinect and other depth camera systems, both
with automatic and manual marker identification, and found generally
good results (for example, [56,57]). However, the actual use case for
this sort of system appears limited due to numerous factors including:
1) the high likelihood of marker occlusion because of the single camera
position resulting in extensive time dedicated to post-processing, and 2)
this method is unlikely to provide benefits over other body-worn
methods such as IMUs or low-cost multi-camera systems such as the
Optitrack, which would likely be far more accurate. Therefore, prior
studies in this area will not be a major focus of this review.

4.3. Multi-camera and fusion systems

While each of the depth cameras discussed in this review has the
capacity for 3D imaging, there are potential advantages to integrating
multiple depth cameras for assessment purposes. These include:

1 Reducing occlusion: A single depth camera can only assess what is
directly in front of it, and therefore important data is often missed.
This is obvious in cases such as turning around, where the depth
camera cannot see the front of the person when they face away from
it and therefore no information can be gathered about facial fea-
tures. Importantly though, a single depth camera also cannot di-
rectly assess anatomical segments if another body part is in between
it and the depth camera. For example, if facing the depth camera
and performing a deep squat movement the thigh may not be seen.

As such, if a pose estimation algorithm is used it must infer the joint
positions, and this is likely to have unacceptable error. Having
multiple depth cameras situated around a room may overcome this.

2 Improving accuracy by averaging results: Pose estimation algo-
rithms often have high levels of jitter due to the uncertainty of es-
timating joint positions. Therefore, data often must be heavily fil-
tered using either the estimation algorithm itself (eg. the jitter
radius settings in the Microsoft Kinect SDK) or in post-processing.
This error could be reduced by using multiple cameras with different
fields of view all assessing the same movement. From these data the
pose assessed from each device can be estimated, and if there are
sufficient cameras, rules can be set, such as to ignore inferred
markers. The data for each joint can then be smoothed using tech-
niques such as means/medians, or more advanced methods such as
Kalman filtering [58].

3 Extending the field of view: A major limitation of many depth
cameras is the limited field of view of the distance from the camera.
This is particularly evident with respect to pose estimation with the
Kinect, as neither version can detect skeleton information at dis-
tances of 4.5m or more. While this was satisfactory for gaming,
balance and treadmill assessments, it hindered the use of these
systems for examining overground gait. Some studies overcame this
limitation by integrating multiple depth cameras along the same
walkway to extend the tracking range [59].

The limitations of a multi-device system are however apparent, and
include:

1 Setup difficulty: Implementing and calibrating multiple depth
cameras in a dedicated laboratory is feasible, however doing this in
a clinical or mass-screening setting may not be. Unlike multi-camera
3DMA systems, which can have the cameras mounted relatively
high above the desired capture volume, because of the limited field
of view and relatively low precision of depth cameras they require
mounting within a few metres of where the movement will occur. If
this is a shared space with other rehabilitation tasks being per-
formed it may not be feasible to have permanently mounted cam-
eras. Additionally, factors such as power supply requirements and
cabling length make the implementation of multiple depth cameras
difficult.

2 Hardware demands: The Kinect cameras, in particular the Kinect V2,
were very hardware intensive which made multiple device systems
difficult to implement. For example, the Kinect V2 required an in-
dividual USB3.0 host controller per device. Few computers or lap-
tops came with more than one host controller per system (note: the
multiple USB ports on a computer typically route to the same host
controller), making this method almost impossible to implement on
a laptop and requiring modification to desktop computers.
Additionally, the computational demands of streaming, interpreting
and logging multiple depth and image frames required powerful
computer hardware.

3 Camera crosstalk: Many of the depth camera systems are negatively
impacted if their field of view is overlapped by another depth
camera. This is particularly evident when using structured light
cameras such as the original Kinect V1, because it relies on identi-
fying patterns of dots that can be interfered with if overlapped.

4 Limited evidence of improving accuracy: While it appears logical
that increasing the number of cameras would improve data accu-
racy, which some studies have reported [60], the evidence to sup-
port this is not strong. For example, one study estimated pose using
a skeleton tracking technique consisting of a) a single, front-on Ki-
nect; b) the average joint position estimated using 5 calibrated Ki-
nects; and c) an optimised Kalman filter framework which used the
data from the 5 calibrated Kinect sensors and prescribed weighting
factors to each camera relative to the movement to estimate joint
positions [61]. Despite the hardware, software and setup complexity
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of the multi-Kinect setups the results were not always superior.
Based on the figure provided in the article, while the multi-Kinect
method performed better when occlusions were present (such as
when spinning around), the reported error for assessments including
running, crossing arms and legs, and bowing from the waist (similar
to the functional reach test) appeared superior for a single-Kinect
compared to multi-Kinect systems when a mean filter was used, and
similar to the results of a Kalman filtering method.

Many of these limitations may be overcome with new, less de-
manding devices such as the Orbecc Persee and Intel Euclid which are
discussed later in this review. These devices perform computation on-
board and allow wireless data transfer. Therefore, it is feasible that in
the near future a 10+ depth camera system could be implemented
outside of research laboratories. These limitations may also be over-
come by fusing the skeleton tracking data with kinematic data recorded
using an IMU, which has been shown in prior research to improve ac-
curacy [62]. However, the use case for such multi-camera and fusion
systems appears very narrow, as the costs and complexity would likely
exceed multi-camera marker-tracking and multi inertial monitoring
unit systems. This is particularly evident for the IMU-fusion systems,
because if body worn sensors are required this removes many of the
benefits of these systems. Future research is required to determine
whether the drawbacks of a multi-camera or IMU-fusion system out-
weigh the improved accuracy, if any exists.

5. Evidence of utility

While studies have assessed the validity of the Kinect for over-
ground gait assessment, including in clinical populations such as
Parkinson’s disease [63] and stroke [64], few have examined whether
the data it provides could be beneficial in a clinical setting. Some stu-
dies have shown the ability of Kinect derived data to discriminate be-
tween healthy and clinical populations. For example, Dolatabadi et al.
[65] collected data in a healthy control cohort and a group who had
previously had a stroke, and reported that machine learning techniques
could correctly classify a gait pattern into normal or pathological. While
it is unclear if this is more accurate than something as simple as a
subjective assessment performed by a clinician, it does indicate that
without any human input gait patterns can be accurately classified
based on Kinect data. The direct applications for this are unclear, as
further research is needed in more populations. However, future evo-
lutions of this technology could result in the automated detection of as
yet undiagnosed conditions, or identify abnormalities in gait patterns
associated with potential threatening behaviour such as concealed
weaponry.

While instrumenting gait analysis using the Kinect is far simpler
than performing a marker-based gait assessment, it does not provide as
much data richness as many of the outcome measures must be dis-
regarded due to poor validity. Therefore, studies have examined whe-
ther the limited data available from the Kinect provides additional,
important information. Studies by Tan et al. [63] in Parkinson’s disease
and Clark et al. [64] in stroke have used regression techniques to ex-
amine whether adding the Kinect to clinical gait assessments can pro-
vide additional unique information over and above simple gait speed.
Both studies reported that Kinect-derived variables such as the length of
the first step during a timed up and go and vertical pelvis displacement
during a gait assessment may provide unique information about a pa-
tient’s physical function. However, these findings should be considered
preliminary as neither study went as far as to show that these additional
benefits could improve patient care by predicting poor outcomes. Fur-
ther research in this area is needed to determine if this method of in-
strumentation provides any benefits.

6. Alternative hardware to the Kinect V1 and V2

Whilst there has been a cessation of production of the Kinect V1 and
V2, other devices are filling this void. The alternatives to the Kinect V1
and V2 typically fall under the following methods:

6.1. Other structured light and time of flight camera systems

These devices use similar techniques for structured light (Kinect V1)
or time of flight (Kinect V2) assessment of distance from the camera.
There are many different systems which incorporate these methods,
including the LIPSedge DL and ASUS Xtion.

6.2. Stereoscopic camera systems

Arguably the simplest method of creating a 3D spatial reconstruc-
tion, having a system with two or more cameras set at fixed distances
from each other allows for techniques such as trigonometry, direct
linear transformation and non-linear transformation to be implemented
to recreate a 3D space. This method has been used for decades, and is
utilised as the criterion reference by gait analysis systems such as
VICON and Optitrack to track markers and quantify human movement
in gait labs throughout the world. It can however also be used to create
depth maps, with this stereovision method having great potential
benefits over infrared speckle or time-of-flight systems. These include
advances in camera technology (eg. 8 K and 16 K cameras) potentially
allowing more precise measurements, modifiable lenses, and removing
the issues with using infrared light sources such as difficulties per-
forming outdoor assessments. This potentially allows for assessment of
depth over much longer distances in outdoor and light-uncontrolled
environments. For example, the Zed (Stereolabs, U.S.A.) incorporates
dual 4-megapixel cameras and purports to provide accurate spatial re-
construction data for distances of up to 20m in outdoor settings. The
Realsense D400 (Intel, U.S.A.) series of cameras incorporates both ste-
reovision (via dual 2.1-megapixel cameras) and an infrared structured
light projector, which can allow for both methods to be used together to
potentially improve 3D spatial reconstruction accuracy. However, its
accuracy at the time of writing in comparison with the Kinect cameras
is unknown.

6.3. Augmented reality systems

At the time of writing, these systems are very much new and un-
proven technology, however they show immense promise for the more
widespread use of cameras for real-world 3D assessments. Each of the
two major smartphone operating systems (Apple iOS and Android) have
recently released augmented reality applications for performing dis-
tance measurements using a single camera on a smartphone or tablet.
The method used to perform this is similar to the structured light
method of the Kinect V1, and consists of:

1) Identifying a textured surface on the phone camera, which allows a
pattern to be identified.

2) Moving the camera on the axis away from and towards the surface,
resulting in the pattern getting smaller (moving away) and larger
(moving towards).

3) Using the cameras IMU to estimate its movement in 3D space and
the distance it moved during step 2, and because the camera has a
fixed field of view and consequently the size of the detected pattern
should change linearly based on distance from the camera, an ap-
proximation of 3D positions of each pixel on the surface can be
estimated.

The accuracy at present is questionable, and appears to be highly
device and calibration dependent as it relies on the camera knowing its
position in 3D space. However, in a real-world environment limited to
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hand-controlled calibration (i.e. manually moving the phone) we have
observed the accuracy of the Android ARCore used with the app ARuler
on a Samsung Galaxy S7 to often be<1 cm for measuring distances
of< 1m. This accuracy may be sufficient for many physical function
assessment tasks, particularly if the aim is to perform them in a variety
of non-standardised settings such as in a home or community en-
vironment. For example, a standard forward reach test could be per-
formed in a patient’s home by simply pointing the video camera at the
wall. The patient then performs the test with their hand tracking along
the wall, and the forward-reach distance is simply the distance between
the start and end of the test measured on the camera. Thus, this re-
moves the need to attach a tape measure or mark the start and end
position of the movement on the wall and measure the distance.
However, future research is needed to determine the validity of AR
derived measurements in a variety of settings before they can be re-
commended for use.

7. Other skeleton tracking software

If the 3D camera system is to be used for fully automated identifi-
cation of body segments, as per the skeleton tracking methods used
with the Kinect, the algorithms and software used are at least as im-
portant as the quality of the spatial reconstruction acquired from the
camera. The following section summarises some of the different soft-
ware methods for automatically identifying anatomical landmarks from
2D and 3D images. It is not meant to be exhaustive, however will cover
promising recent advances in the field.

7.1. Recent advances in skeleton tracking – OpenPose and posenet

OpenPose is capable of identifying anatomical landmarks using just
2D camera images [16]. It is a very promising method for performing
skeletal tracking on a large scale, with the creators describing the al-
gorithm as achieving near real-time performance regardless of the
number of people in the image. Subjective assessment of available de-
monstration videos indicates that the technique is quite robust. Ad-
ditionally, it is capable of 3D tracking using multiple calibrated 2D
images, which may allow for marker-less assessment of 3D kinematic
and spatiotemporal data. However, while it appears promising and at
the time of writing is being continually developed, at present the ac-
curacy of this method for assessing either spatiotemporal or kinematic
data is unknown.

One of the more impressive recent advances in skeletal tracking,
PoseNet running on TensorFlow.js allows for 2D skeletal tracking to be
performed via a web browser and camera on computers, tablets and
phones irrespective of their operating system (for an example, refer to
https://storage.googleapis.com/tfjs-models/demos/posenet/camera.
html). While this does not incorporate 3D imaging at present, the po-
tential for a platform independent, browser-based skeleton tracking
system for telerehabilitation and home monitoring is considerable.

8. What does the future hold?

One of the most frustrating and exciting aspects of working with
technology is the rapid pace at which advances occur. The use of 3D
cameras shifted from a tiny, niche market prior to the Kinect to one that
sold many millions of devices per annum with the Xbox One and
mandatory Kinect V2. With the increase in applications of 3D cameras,
for example to create models for 3D printing and to provide spatial
mapping for augmented reality headsets (at the time of writing both the
Magic Leap One (Magic Leap, U.S.A.) and the next iteration of the
Microsoft HoloLens were promoted as containing depth scanning
cameras), the uptake and usability of these devices may increase dra-
matically. However, the specific technology used for future 3D camera
systems is unclear. While time of flight, structured light and synchro-
nised cameras are the most commonly used methods currently, the

significant investment made by two of the largest companies – Apple
and Alphabet (Google’s parent company) – into creating augmented
reality algorithms to allow standard phone cameras to measure distance
in 3D space cannot be ignored. This is particularly evident with the
cancellation by Google of Project Tango, initially a phone with an in-
built depth sensing camera, and focus by the company on ARCore
which fuses the data from a single camera with information from IMUs.

9. Conclusion

In conclusion, 3D cameras and pose recognition software have great
promise as physical function assessment tools. However, the benefits of
these systems must be weighed against the inherent inaccuracy. In some
instances it may be a case of “good enough is good enough”, however
for many uses 3D cameras will provide invalid data. As new technology
and software methods are released to leverage the power of 3D cam-
eras, robust research must be performed to validate findings before they
are implemented as physical function assessment tools.
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