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Abstract— A markerless motion capture technique is pro-
posed based on a fusion between a depth camera (Kinect V2)
and a pair of wrist-worn inertial measurement units (IMU). The
method creates a personalized articulated human mesh model
from one depth image frame and uses that model to improve the
accuracy of the upper-body joint tracking. The IMUs are useful
as an additional clue for the arm tracking, especially during
an occlusion. An evaluation of the method against a marker-
based system as a gold standard using data from 6 subjects is
done. The result shows over 20% reduction in upper-limb joint
position errors when compared to Kinect’s skeleton tracking.
All the collected data are calibrated, synchronized, and made
publicly available for research purposes.

I. INTRODUCTION

Human pose estimation from a single depth camera has
become a popular research topic due to the emergence of
low-cost depth sensors such as Kinect (Microsoft, USA) in
2010. Current state-of-the-art techniques can be divided into
discriminative and generative methods. Generative methods
search in a pose space to fit a template to the observation.
The model could be in various forms such as a mesh [1],
a sphere set [2], or articulated Gaussian kernels [3]. Those
purely generative methods always rely on the result from
the previous frames. Therefore, it is hard to recover when
the tracking is lost from a fast movement. This leads to the
discriminative initialization to improve the robustness of the
tracking. A common way to initialize the pose parameter is to
turn the observed frame to a low-dimensional feature vector
to allow a quick search in a discrete pose database [4], [5],
[6] and then refine the result using a generative method.

However, two purely discriminative learning-based meth-
ods [7] have achieved good joint prediction accuracy using
a per-pixel classification or a direct joint position regression.
One of them was implemented into Kinect software develop-
ment kit (SDK) and was evaluated multiple times in different
scenarios. On Kinect V2, the average upper limb joint
position error is in the range of 50-101 mm and they will
get off-track at 1-5% of the time [8]. This can be interpreted
to 1-5 frames every 3.3 seconds (at 30 fps) that a joint will
jump out wrongly. Those errors should be addressed in some
sensitive applications such as rehabilitative assessment.

This work aims to improve the skeleton tracking for upper-
limb rehabilitative exercise assessment tasks. Our body-
tracking solution is inspired by an emerging hand tracking
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technique from Microsoft [9] together with an availability
of an anatomically-accurate human mesh model which can
morph its shape to fit individual users [10]. Our method
fits an articulated mesh model to the depth image sequence
using an optimization method that updates both pose param-
eters and correspondence matching simultaneously [9]. In
addition, 2 additional wrist-worn IMUs are integrated in the
optimization to add a forearm occlusion recovery feature.

Using IMUs to improve a visual-based pose estimation
was first introduced in the context of multi-view silhouettes
from multiple RGB cameras [11]. However, with a single
depth camera, IMU orientations have only been used for a
table lookup in the discriminative step [6]. We apply them
differently by using IMU information directly in the cost
function of the generative step. Importantly, as we target
rehabilitative patients as our main user group, requiring an
IMU on their head or at the back of their trunk could
be difficult in a home-based rehab setup. Therefore, a less
obtrusive configuration of 2 wrist-worn IMUs together with
a depth camera is purposed.

As we target at home-based rehab exercise assessment,
some subtle details that are usually ignored in other pose
tracking methods are addressed in this work. For example,
the method should be able to detect the scapular elevation
because it is a common compensatory movement that a
stroke patient should be encouraged to avoid. The forearm
pronation/supination should also be tracked as they can infer
the state of recovery. It has never been tracked reliably with
a depth-based visual motion capture system.

As model personalization is found to be significant for
human pose estimation accuracy [2], an automatic shape
personalization method is also implemented in our work with
a similar concept to Helten et al.’s work [12] but based on
a publicly-released statistical model [10].

II. METHOD

A. Frame Inputs & Expected Outputs

A Kinect V2 provides depth images at 30 Hz. For each
depth frame, Kinect SDK is used to find the associated 3D
point cloud, the body silhouette, and the 3D joint positions
(Kinect skeleton). Three 9-axis IMUs are sampled at 80 Hz.
Two of them are on both subject’s wrists and one is mounted
on the Kinect. This configuration can provide the orientations
of the IMUs in the camera reference frame [13].

The final goal is to search for a pose θ that best fits to those
observations. To evaluate the quality of fit, a triangulated
surface will be rendered from an articulated human model
called Skinned Multi-Person Linear model (SMPL) [10].



Fig. 1: Original high-resolution SMPL template meshes and
the modified low-resolution SMPL template meshes. The
male templates (left) and the female templates (right).

This model is driven by a pose (θ) and a personalized shape
(β). Therefore, the problem can be divided into 2 phases. The
first step is the model personalization which searches for both
pose θ and shape β parameters from only one depth frame
per subject (Section III). The personalized shape β from this
process will then be used as a static value in the second step
where we can only search for the pose θ (Section II-F).

B. Human Mesh Model

Unlike other statistical human models such as SCAPE [14]
or Delta [1], the SMPL model renders its skin mesh in a
closed-form calculation without any iterative optimization.
This characteristic allows any points on the surface mesh to
be differentiable with respect to shape and pose parameters.

The original SMPL model contains 6,890 vertices. Qslim
[15] is used to reduce the resolution via vertex pair contrac-
tion. The software is set to prevent the contraction around
the shoulders, the elbows, and the wrists to avoid artifacts
from bending. Moreover, hands of the model are replaced
by a round orb as this study does not intend to track hands.
The final model contains 1,000 vertices (Fig.1).

Instead of using 3 degrees-of-freedom (DOF) in all the
joints, we remove one DOF that represents the roll angle
in every joint except the joints on the spine and the head.
This constraint is applied to avoid the candy wrapper artifact
when a joint twists due to the use of linear blend skinning.
If needed, the roll information of the arm segments can be
recovered later after the fitting process by using the IMU
orientations. Our final model has 40 DOF for the upper-
body model (from the hips and above) and 48 DOF for the
full-body model including global translation and orientation.
All DOF in a model are represented by θ ∈ RNθ .

C. Parameterization of a Point on the Mesh

Any point on the mesh can be represented in the piecewise
2D parameter space

Ω = {(f, u, v)|f ∈ F ;u ∈ [0, 1]; v ∈ [0, 1];u+ v ∈ [0, 1]}
(1)

where f is a triangular face on the mesh. (u, v) represents a
barycentric coordinate (u, v, w) where w = 1 − u − v. The
set F contains all triangular faces on the articulated mesh.

Given an articulated mesh P(θ) ∈ R3×M rendered from
the SMPL model with a specific shape vector β. The surface
position function Sp : Ω× RNθ 7→ R3 is defined by

Sp((f, u, v), θ) = upu + vpv + wpw (2)

where pu, pv , and pw are 3D position of 3 associated corners
of triangle f on the articulated mesh P(θ) and w = 1−u−v

For the surface normal function S⊥ : Ω × RNθ 7→ R3,
S⊥(ν, θ) is a unit normal vector from the mesh position
ν on the model articulated by θ. Having the same normal
vectors on one triangular face will zero the gradient of
normal penalty term relative to u and v. This is avoided by
calculating normal vector of each vertex from area-weighted
sum of surrounding face normals [16]. Then, similar to the
position function, we define the surface normal function as

S⊥((f, u, v), θ) = q(unu + vnv + wnw) (3)

where q(·) is a vector normalization. nu, nv , and nw are
associated normal vectors at the 3 corners of triangle f .

D. Energy Function

The energy function sums designed terms that give high
value when the simulated model does not match with the
observation or when a constraint is violated. It is defined as

E(θ,U) = Edata(θ,U) +
∑

τ∈Terms

λτEτ (θ) (4)

where Terms = {bg, bgJoint, float, limit, imu}.
1) data term: For each depth image, Ns pixels will be

sampled from the body silhouette area to get 3D positions pi
and surface normals ni (Section II-H). Each sampled point
matches with a correspondent point νi on the piecewise 2D
parameter space Ω. The point νi keeps moving to a better
place in the process of the continuous update (Section II-I)
and the discrete update (Section II-J).

Let U = {νi|νi ∈ Ω}Nsi=1 be a set of current correspon-
dences. The data term penalizes the position and the normal
differences between the sampled points from the depth image
(pi, ni) and their correspondences (νi) on the model.

Edata(θ,U) =

1

Ns

Ns∑
i=1

(‖Sp(νi, θ)− pi‖2

σ2
p

+
‖S⊥(νi, θ)− ni‖2

σ2
n

) (5)

2) bg term: The bg term penalizes when some parts of
the model are being projected outside the 2D silhouette.

Ebg(θ) =
1

H

H∑
h=1

‖Π^(Sp(ν
bg
h , θ))− a2D(Π^(Sp(ν

bg
h , θ)))‖

2

(6)
Ubg = {νbg

h }Hh=1 ⊆ Ω is a set of selected points on the
model which may cause the penalty. H points in this set
are re-selected every iteration from the area of the model
where the normal vector points perpendicular to the camera’s
optical axis. Those points will sparsely surround the model
when projected to the 2D image and help to push the model
closer to the silhouette.



Π^ : R3 7→ R2 is a perspective projection from the 3D
space to the 2D depth image space.

a2D : R2 7→ R2 maps a projected 2D position on the
depth image to a 2D position of the closest pixel on the
silhouette. If the input is in the silhouette, a2D will act as
an identical function. This function is pre-calculated on a
distance transform using Quasi-Euclidean distance metric.

3) bgJoint term: This term penalizes when positions from
16 selected joints (Jbg) are being projected outside the
silhouette area.

EbgJoint(θ) =
1

|Jbg|
∑
j∈Jbg

‖Π^(Jj(θ))−a2D(Π^(Jj(θ)))‖2

(7)
where Jj(θ) is the 3D position of joint j under pose θ.

4) limit term: This term aims to limit each individual joint
to stay in a possible range of motion.

Elimit(θ) =
1

Nθ − 6

Nθ−6∑
i=1

(
max(0, ψmin

i − ψi(θ))

+max(0, ψi(θ)− ψmax
i )

)2 (8)

ψmin ∈ RNθ−6 and ψmax ∈ RNθ−6 are soft lower and upper
bounds of Nθ − 6 joint angle respectively. These boundaries
are set according to our observation.

5) imu term: This term penalizes the difference between
the current forearm pointing direction from the model and
the observation from the wrist-worn IMUs.

Eimu(θ) = ‖{left(θ)− \left‖
2

+ ‖{right(θ)− \right‖
2 (9)

{left(θ) and {right(θ) extract left and right forearm pointing
direction as a 3D unit vector from the skeleton of pose θ

{left(θ) = q(JleftWrist(θ)−JleftElbow(θ)) (10)
{right(θ) = q(JrightWrist(θ)−JrightElbow(θ)) (11)

\left and \right are 3D unit vectors from left and right wrist-
worn IMUs. As the IMU orientation in the camera reference
frame is calculated, we can choose the direction of the IMU
axis that points along the forearm pointing direction.

6) float term: The float term is introduced to deal with
some parts of the mesh model that is currently projecting
to the 2D silhouette area (no penalty from bg term) but is
floating between the point cloud surface and the camera. That
part of the model should be pushed to the closest spot in the
volume behind the point cloud.

Efloat(θ) =
1

Q

Q∑
q=1

‖Sp(νfloat
q , θ)− a3D(Sp(ν

float
q , θ))‖2 (12)

Ufloat = {νfloat
q }

Q
q=1 ⊆ Ubg is a set of selected points on the

model. These points are inside the 2D body silhouette when
projected but are shallower than the point cloud surface. This
set will get updated every Levenberg-Marquardt iteration.

a3D : R3 7→ R3 maps a 3D position from the model to 3D
position of the closest point in the volume behind the 3D
point cloud surface. If the input is behind the point cloud
surface, a3D will act as an identical function. This function
is pre-estimated by discretizing the capture volume with a
resolution of 0.02 m.

E. Vector of Residues

All energy terms can be converted to a sum-of-squares
form in order to use Levenberg-Marquardt algorithm. By
applying such conversion to all energy terms and given that
Θ = (θ,U), the total energy term (Eq.4) becomes

E(Θ) =

K∑
k=1

r2k(Θ) (13)

r(Θ) is a vector of residues which contains residual vectors
from all energy terms.

r(Θ) = [rdata(Θ); rbg(θ); rbgJoint(θ);

rfloat(θ); rlimit(θ); rimu(θ)]> ∈ RK
(14)

where K = Kdata + Kbg + KbgJoint + Kfloat + Klimit + Kimu
and Kdata = 6Ns, Kbg = 2H , KbgJoint = 2|Jbg|, Kfloat = 3Q,
Klimit = Nθ − 6, Kimu = 6.

F. Levenberg-Marquardt (LM) Iteration

The goal is to find the pose parameter θ and the corre-
spondence U that minimize the energy function.

θ̂, Û = argmin
θ,U

E(θ,U) (15)

In each iteration, the LM algorithm tries to find an update
∆Θ = (∆U ,∆θ) that brings the current search to the lower
energy state by forming the following equation system.

(J(Θ)>J(Θ) + γI)∆Θ = −J(Θ)>r(Θ) (16)

given that J(Θ) is the Jacobian of the residual vector r(Θ).
The update ∆Θ(γ) is solved as a function of the damp-

ing parameter γ and used to evaluate the new point. The
damping parameter γ will be increased exponentially until
E(Θ⊕∆Θ(γ′)) becomes lower than E(Θ). Then, the update
operation Θ← Θ⊕∆Θ(γ′) is done to finish one iteration.

The update operator ⊕ for θ is an addition but the update
operator for U is a mesh walking process (Section II-I).

G. Pose Initialization

Pose parameters are initialized from 2 sources. The first
pose is the result from the previous frame. The second pose
is built analytically to replicate the Kinect skeleton. Each
starting point will be optimized independently on its own
thread. The final pose with the lowest energy will be selected.

H. Sparse Sampling from Depth Pixels

Normally, the number of depth pixels in the silhouette
can be as large as 50,000. Fitting a model to all available
pixels cost excessive computation time. Therefore, they are
subsampled to Ns pixels. A sampling strategy from Taylor
et al.’s hand tracking [9] is adopted and modified to ensure
2 concerns within a sparser sampling. First, there should
be enough samples from small body segments (i.e., arm
and head). Second, pixels from the near-edge area of the
silhouette in every body segment must be sampled. Hence,
the Kinect skeleton is utilized to categorize pixels into
multiple zones. Each zone will be sampled according to an
assigned quota to ensure a good distribution on the silhouette.



Each sampled pixel has its associated 3D position pi, and
its neighbor points usually form a 3D surface. We collect
neighbor pixels that are within 5 units of Chebyshev distance
in the pixel domain and within 0.05 m (Euclidean distance)
in the camera space domain. Principal Component Analysis
(PCA) is used to analyze those points in 3D space. The third
principal component is selected as the normal vector on that
sampled point. As a result, we get the 3D positions {pi|pi ∈
R3}Nsi=1 and the 3D normals {ni|ni ∈ R3; ‖ni‖ = 1}Nsi=1

associated to those sampled pixels.

I. Correspondence Continuous Update (Mesh walk)

When a correspondence point U = (f, u, v) has to be
updated by (∆u,∆v), the point could move beyond the
boundary of the triangle face f to an adjacent face and so
on. In that case, we adopt a mesh walking concept proposed
by Taylor et al. [17], which tries to maintain the tangential
continuity when the point has to transfer between 2 faces.
The update repeats until the updated distance is finished.

J. Correspondence Discrete Update

Similar to the Taylor et al.’s method [9], in order to
initialize correspondence U for the next iteration, the latest
result from the mesh walking step will be compared to a set
of candidates to choose the best correspondence for the ith

sampled point.

νi ← argmin
ν∈{νi}∪ U cand

t%10

(‖Sp(ν, θ)− pi‖2
σ2
p

+
‖S⊥(ν, θ)− ni‖2

σ2
n

)
(17)

U cand
t%10 ⊆ Ω is a pre-randomized set of correspondence

candidates for iteration t. The random is designed to have 3
times more density on the upper limbs, neck, and head than
the rest of the body.

As the surface area of the human model is much larger
than the hand model, instead of increasing the number of the
candidates in U cand to cover the whole area, a new strategy is
proposed to mitigate the problem while using a low number
of candidates.

After an update using Eq.17, νi will be compared to 3
centroid positions from 3 adjacent faces. If one of those
adjacent candidates gives a better match, νi will be updated
to that point. This process will be repeated until νi stops
updating. By this way, the νi will quickly move to a better
point despite the sparse candidate distribution.

III. MODEL PERSONALIZATION

A method is designed to search for a 10-dimensional shape
vector (β) which matches the shape of the subject from one
depth image frame with a controlled pose shown in Fig.3.
The steps are a rough estimation followed by a fine tuning.

A. Rough Shape Estimation using Gradient Descent

This step searches for the shape vector (β) that provides
the template model with bone lengths and sizes of body parts
that are close to the lengths and sizes from Kinect skeleton

tracking results. Pose parameters are ignored in this step. An
error function is defined as

Es(β) =
∑

`∈Segments

(L`(β)−K`)2 (18)

K` is the length of measurement ` from the Kinect
skeleton. L`(β) is the length of measurement ` from the
template model with shape β.

Segments = {upperArm, forearm, wholeLeg, hipToShoul-
der, shoulderToShoulder, ankleToHead, wholeArm}. Each
measurement can be described in the following details.
• upperArm: Average length of both upper arms.
• forearm: Average length of both forearms.
• wholeLeg: Sum of the average upper leg length (hip to

knee) and the average lower leg length (knee to ankle).
• hipToShoulder: Distance from the average position of

the hips to the average position of the shoulders.
• shoulderToShoulder: Distance from the left shoulder to

the right shoulder.
• ankleToHead: Distance from the average position of the

ankles to the head position (at the jaw height).
• wholeArm: Sum of the average upper arm length, the

average forearm length, and the average hand length.
The shape vector β is initialized at the mean shape (a

zero vector). A gradient descent method is used to iteratively
update β by

β ← β − λ∇Es(β) (19)

∇Es(β) is the gradient of the error function (Eq.18) at
point β calculated from an automatic differentiation library.
The learning rate λ is initialized at 1. Whenever the update
increases the error, λ will be reduced by half. The optimiza-
tion is considered converged when λ is below 0.01. After
that, β will be used to initialize the fine shape tuning step.

B. Fine Shape Tuning with Shape & Pose Fitting

The explained pose estimation method is modified to
search for correspondences (U), shape (β), and pose (θ)
together as Θβ . The same method is used to fit a 48-DOF
full-body model (Nθ = 48) to the full-body point cloud. As
the pose is controlled, the energy terms we used are data,
bg, bgJoint, and limit term.

IV. EVALUATION

A. Gold Standard Measurement

To measure the accuracy, a Vicon motion capture system
with 8 infrared cameras are used as a gold standard. The
transformation between Vicon and Kinect reference frame is
calibrated [13]. A synchronization between Kinect and Vicon
is done via a LAN cable at the beginning of each record.

Plug-in Gait model for the upper body with 27 marker
locations (from the hips and above) is chosen. In order to
calculate shoulder, elbow, and wrist joint centers from those
surface marker positions, shoulder offset, elbow width, and
wrist thickness need to be measured from each subject. The
detailed calculations of joint center calculation are described
in a Plug-in Gait’s document [18].



Fig. 2: A subject in the personalization process. Left: Full-
body point cloud with Kinect’s joint positions. Middle:
Result from the rough shape estimation (Section III-A).
Right: Result from the fine shape tuning (Section III-B).

Fig. 3: Shape fitting results from 6 subjects in a controlled
pose. Note that male (left half) and female (right half) use
2 different templates.

B. Subjects & Movement Sequences

Three healthy males and three healthy females are re-
cruited as our subjects in this experiment. Each subject will
move in 6 sequences. Some example movements are arm
raising, shoulder lifting, torso tilting, air punching, forearm
rolling, hair combing, jumping, etc. All the movements are
done with both hands close as this study does not model the
fine structure of hands and fingers. In total, 39,311 depth
frames (about 22 minutes) are collected. All the recorded
data are made publicly available [19].

C. Parameter Configurations

The configurations used in this evaluation are
• Ns = 250, Nθ = 40, σp = 0.003, σn = 0.25
• λbg = 10, λbgJoint = 25, λfloat = 0.25
• λlimit = 10000, λimu = 15, Hmax = 150
• The maximum LM iteration allowed per frame is 20
• The initial damping parameter γ = 1000
• The moving average window size at the post-processing

step covers 3 consecutive depth frames.

V. RESULTS & DISCUSSIONS

A. Model Personalization

Our personalization strategy can adjust the template model
to the different sizes for both male and female subjects. The
fitting results can be seen in Fig.2 and 3.

B. Quantitative Pose Estimation Results

All the position errors of the upper limbs (shoulder, elbow,
and wrist) can be seen in Fig.4. They show 2 sets of result.
The first set is from the whole dataset. The second set is from
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Fig. 4: Comparisons of joint position errors from full dataset
(left) and from frames with occlusions (right). Our method
reduces the average error from Kinect SDK by 25.9% in
general cases and 43.7% in cases with occlusions.

1,452 selected frames with occlusions. In such occluding
scenarios, dropping the imu term causes the wrist and elbow
position error to increase 42.5% and 24.5% respectively.

C. Qualitative Improvement Over Kinect SDK

1) Flexible Spline: When a subject tilts his body to one
side, Kinect SDK always has a problem in tracking joints
along the body core. Neck, SpineShoulder, SpineMid, and
SpineBase joint positions will form a strictly straight line
which is incorrect. The Kinect skeleton also wrongly tracks
an arm on one side as a consequence. On the other hand, the
SMPL skeleton model has multiple DOF at the spine which
allow the upper torso section to bend naturally and fit the
model more correctly to the observation (Fig.5a).

2) Occluded Shoulder: When a shoulder is occluded by
an arm section or by the torso, Kinect skeleton usually picks
a shoulder position lower than it should (Fig.5b). Our method
can correct such problem in most of the cases.

3) Occluded Arm: Occasionally, an arm can be partially
or fully occluded by the other arm, by the head, or by
the torso. In those cases, Kinect usually has notably less
clue to infer the elbow and shoulder positions. However,
the wrist-mounted IMUs give our method an access to the
forearm pointing direction which often helps when the visual
information is not complete. Fig.5c, 5d, and 5e show some
of those cases seen in the dataset.

4) Arm Jumping in Noisy Frame: When forearms are
between torso and the camera, the depth sensor is likely to
generate a lot of flying-pixel noise at the edge of the forearms.
It commonly confuses the Kinect skeleton for upper limb
tracking. Our method usually mitigates such problem.

5) Shoulder Lift: When subjects lift up one or both of
their shoulders, the movement range extracted from Kinect
SDK will be diminished and become too subtle to be
observed easily. Thanks to the design of SMPL model that
does not stick shoulders rigidly to the torso, the shoulder can
move around in a reasonable range and such movements can
be captured as shown in Fig.5f. This feature opens a new
opportunity to detect a common compensatory movement in
upper-limb rehabilitation exercises without any markers.

D. Limitations & Future Works

A few issues about the correctness of the tracking have
been observed. First, self-penetration still occurs in our
tracking but not often. It can be avoided by adding a self-
penetration penalty to the energy function. Second, as our



(a) (b) (c) (d) (e) (f)

Fig. 5: The cyan linkages are the joint positions from Vicon system (the gold standard). The pink linkages are the Kinect
skeleton. The yellow linkages are from the proposed method. (a) When a subject tilt his body, notice that the Kinect spine
is unnaturally straight. The spine from our method is more realistic. (b) When a shoulder is occluded, notice that shoulder
positions of Kinect skeleton are off to the lower positions. (c) The right forearm is behind the head. (d) The right arm
swings to the space behind the torso. (e) The right arm is heavily occluded by the left arm. (f) One shoulder is lifted.

method relies on the Kinect skeleton as an initialization
pose of each frame, the tracking can simply go wrong if the
subject turns more than 90 degrees away from the camera.
However, such large turn can simply be excluded from the
design of exercise prescription.

Currently, the algorithm takes about 1.5 seconds per frame
on a CPU (Intel Core i7-3370). This speed limits our method
to a group of applications which allows delayed feedbacks
such as rehabilitation exercise assessment. However, a proper
implementation of the method on a graphic processing unit
(GPU) should be our next step to attend a real-time speed.

VI. CONCLUSION

With an upper-body rehabilitation exercise assessment
as the main target application, a method to improve the
Kinect skeleton tracking has been designed, implemented,
and evaluated. Our key contributions are 1) the integration
of the personalizable SMPL model with the simultaneous
pose-correspondence optimization technique which allows
the detection of scapular movements, 2) the demonstration
of the benefit of adding IMU term directly to the generative
pose optimizer in the context of a single depth camera,
and 3) the release of the first public mocap dataset that
contains the record from Kinect V2, synchronized IMUs,
and a marker-based motion capture system [19]. The evalu-
ation on the dataset shows both quantitative and quantitative
improvements over the Kinect SDK. Some features such as
the shoulder lift detection is found to be unique and could
be used to enhance the automation of rehabilitation exercise
assessments.
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