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ABSTRACT
Sedentary behavior and the lack of physical exercise are routines
existing in a large segment of the population, specially in the elderly.
This can lead to health complications and debilitating conditions,
reducing the quality of life, as it drives to the inability to perform
activities of daily living. The Microsoft Kinect sensor provides an
accessible mechanism to implement automatic and assisted train-
ing systems, which can then be used, for example, for in-home
training, or in care centers, either in a fixed platform or in a mobile
assistive robot. However, the need to obtain movement parameters
to perform fitness assessment requires data with a large degree of
consistency. In this paper, we propose a method aimed at improving
the accuracy of the skeleton data from the Kinect sensor, based on a
kinematic filter approach using an unscented Kalman filter, which
tries to achieve a higher coherence by combining the observations
with previous knowledge on the movements being executed. In the
end, it has been possible to extract information, such as angle and
angular velocity corresponding to each degree of freedom of each
joint, as well as to correct some of the errors present in the data.
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1 INTRODUCTION
Nowadays, a sedentary lifestyle describe plenty of people’s lives,
with the lack of physical exercise being one of the key factors.
This malicious behavior covers a large portion of the population,
from multiple age groups and social backgrounds, reaching, in
the USA, more than 50% of the population with ages over 45 [11].
Physical exercise takes a large part in the prevention of diseases
and disabilities, as well as leading to a longer, and a better quality of
life [8]. Additionally, this behavior may lead to crippling conditions,
reducing the capabilities and functional independence of an elderly
person, and making it impossible to perform normal Activities of
Daily Living (ADLs) and to live a life with quality.

The present work was mostly motivated by the necessity to pro-
mote regular physical exercise in the elderly population, as it is
an essential element in reducing the sedentary lifestyle that many
people follow. For this sector of the population, functional fitness
is essential, as the capability to perform ADLs is a major factor in
the quality of life. Most ADLs are highly depend on specific fitness
areas such as strength, aerobic endurance, flexibility, and agility
[15]. Consequently, promoting the regular practice of physical ex-
ercise, as well as specifically training the areas responsible for the
functional fitness of an elderly individual is of extreme importance.

The Microsoft Kinect sensor is an easily available and affordable
device which, together with the available SDK that implements
an easy-to-use back-end to interact with the it, grants the ability

to a broad set of people to be able to design and implement their
own systems. In particular, it is possible to acquire the position
of the body joints of a user (skeleton features) that enable a wide
range of applications related to exercise, and multiple applications
in fitness using the Kinect have been described in the last years.
However, it is recognized that skeletal features are sometimes noisy,
particularly in cases of (self-)occlusion and clutter, which limits
some applications that require the precise analysis of the users
joints’ trajectories over significant periods of time. In this work, the
Kinect v2 and its available SDK were applied to create a real-time
system, which aims at improving the accuracy of the joint position
data provided by the SDK, by modeling the skeleton provided [17]
as a kinematic chain, while using an approach based on a kinematic
filter.

In the last years, elderly fitness training using automatic systems
has been largely studied, with systems on multiple platforms be-
ing developed. For example, the use of the Nintendo Wii gaming
console to study fitness training and its enjoyment [4], as well as
balance training [21]. Mobile applications are another type of de-
vices used [7], as are custom wearable devices [14]. On the other
hand, the Kinect sensor allows the creation of systems without the
requirement to wear, or hand held a device, which could be seen as
an advantage over the other types of systems, as the manipulation
of a device could be seen as difficult, particularly by older people [3].
Some recent applications employing the Kinect are, i.a., full body
gait analysis and the extraction of stride information [2]; senior
health monitoring and fall detection, by detecting abnormal gait
using SVMs [13]; a mobile robot which follows a person and, by
comparison of the skeleton positions against the ground’s, performs
real-time fall detection [9]; a mobile elderly companion robot to pro-
mote active living, which is capable of talking using text-to-speech
methods, and which uses the Kinect sensor to detect and follow a
user, detecting noise by setting thresholds based on past data [20];
clinical parameters extraction, revealing axial landmarks and upper
body parameters to be valid, while ankle and feet positions to be
unstable [12]. However, most works either do not provide enough
information, or do not implement any type of pre-processing in
the data before using it in their applications, which could lead to
miscalculations in, for instance, clinical parameters which require
a considerable degree of accuracy and consistency of the data. An
exception is [19] that describes a Kinect physical therapy system,
performing outlier removal using a mixture model, and filtering
with a four-pass UKF considering a random-walk and constant
segment lengths. However, that work presents a preliminary study
which does not show many details on the implementation of the
filter, preventing other researchers from replicating their results.
Instead, in our paper, we present a complete implementation of
a kinematic filter for Kinect skeleton features, and corresponding
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filter parameters, that can be used by the research community to
improve the signal quality of users’ motion capture data.

Our system targets the fact that the SDK’s acquisition algorithm
[17] does not enforce any constraints on the data. As such, in this
kinematic filter approach, both the continuity between frames is
addressed by comparison of a prediction, from the equations of
motion, with the data provided by the SDK, as well as the variation
of the lengths between joints (bone, or link, lengths), which do
not describe true features of the human movement, and are key
characteristics in improving the accuracy of the data [10].

In this study, we establish a formulation and implementation of
a system, which attempts to improve the accuracy and physical co-
herence of the data provided by the Kinect v2 SDK sensor. This data
could then be translated as movement, or fitness features, which
require a high degree of reliability. Moreover, these features could
then be employed in an assessment model, and implemented in an
assistant robot for the elderly, to automatically appraise the capabil-
ities of an individual, as well as in a training system to promote the
practice of regular physical exercise, or even connecting the two,
creating a personalized system that would be able to identify and
provide exercises adequate for each subject, which is a key factor
in maintaining the interests of the participants [3].

In the subsequent sections, first, the methods employed to imple-
ment the kinematic filter will be described. Then, the experimental
results will be presented, with multiple instances of different exer-
cises, as well as results from different features, which the algorithm
implements. Ultimately, the results will be analyzed and conclu-
sions, as improvements or limitations of the implemented system,
will be drawn.

2 METHODOLOGY
The data provided by the Kinect v2 SDK does not enforce any con-
strains on the subject’s positions. Accordingly, an algorithm that
is focused on specific issues is of interest to improve the accuracy
of the data, as the addressing of the variable lengths of the links
through time is expected to improve accuracy [10]. Also, the re-
striction of large and unexpected variations of the position in a
short period of time, which could represent a mistake from the sen-
sor, may improve the accuracy on the measurement of movements.
An approach that is able to do so becomes even more appealing
when the movement to be performed and captured by the Kinect
is known, or there is some previous information about it. This is
usually the case for training systems, and was also the case for the
present work, where there is previous knowledge of which move-
ment would be performed as the participants executed a predefined
set of exercises.

In terms of the processing of the data, an approach using a
kinematic filter was employed, as an unscented Kalman filter (UKF)
[5] was used to model the skeleton data from the Kinect. In fact,
the data was designed as two kinematic chains, considering their
root as the abdomen of the model for both chains. While the first
chain modeled the lower half of the body, from the abdomen to the
left/right hip, knee, ankle, and foot; the second chain modeled the
upper half of the body, from the abdomen to the spine, shoulder
center, left/right shoulder, elbow, and wrist, and neck and head.

By splitting the model in two, parallel processing of both parts is
possible, reducing computation time.

The state for the UKF consisted on the spacial coordinates of the
root in the universe coordinate system, and its orientation, as well
as on the angles in the anatomical planes, in relation to the previous
joint, which could be 1 (knees, and elbows), 2 (ankles), or 3 (neck,
shoulders, shoulder center, spine, and hips). Finally, the lengths of
each link connecting the joints were also considered. Then, starting
at the root, and through successive transformations considering the
rotations to follow the Euler angle convention, it was possible to
compute the state of the system iteratively, employing an UKF. The
lengths of the links were estimated at an initial calibration phase,
at which the acquisition was performed with the subject still, with
the lengths being averaged throughout this phase, and the values
obtained were used to initialize the state.

The UKF model was employed using a constant velocity model,
thus introducing variation through the acceleration. This filter,
based on the Kalman filter [6], fits the problem at hand, as it is
adequate for highly non-linear applications, using the unscented
transform to approximate a non-linear function [5]. So, the system,
with state x and observation vector y, iteratively advances from
the previous time step through a state-transition function F , to
which there is an uncertainty associated w (described by mean 0,
and covariance Q), and the coordinates in the universe coordinate
system may be obtained through an observation function H , to
which there is also an uncertainty v (described by mean 0, and
covariance R).

xi = F (xi−1) +wi (1)

yi = H (xi ) + vi (2)
The evolution of the state was set to follow the equations of

motion, with the lengths set to the same as the previous state.
And, the observation model was implemented according to the
orientations computed, and the lengths of the links. This way, the
system could not suddenly change, as it needed to follow these
provided rules, while still adapting to the data at each iteration.
Therefore, the mistakes in the data that violate the assumptions
provided to the filter should most likely be attenuated, or even
removed.

Therefore, the UKF works by computing, at each time step, a set
of points considering that x has mean x̄ and covariance P, called
sigma points (X), which have weights (W) both for the mean re-
construction ((m)) and for the covariance reconstruction ((c)).

X =
[
x̄, (x̄ ± (

√
(L + λ)P))i

]T
with i = 1, ...,L (3)

W(m)
0 =

λ

L + λ
(4)

W(c)
0 =

λ

L + λ
+ (1 − α2 + β) (5)

W(m)
i =W(c)

i =
1

2(L + λ) , i = 1, . . . , 2L (6)

and where L is the dimension of the state, λ = α2(L + κ) − L, with
α , β , and κ, being parameters of the UKF. The square root of the
covariance matrix P was computed using the Cholesky decomposi-
tion.
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These points are then propagated though the non-linear function,

X∗
i = F (Xi ) (7)

and then reconstructed to obtain both the system and covariance
matrix at the following iteration

x̂−i =
2L∑
j=0

W(m)
j Xi, j (8)

P−i =
2L∑
j=0

W(c)
j (X∗

i, j − x̂−i )(X
∗
i, j − x̂−i )

T + Qi (9)

Then, the transformed sigma points are used in the observation
model and the average is again reconstructed according to the
weights, and the covariance matrix of the observations is computed,
as well as a cross-covariance between both,

Yi = H (X∗
i ) (10)

ŷi =
2L∑
j=0

W(c)
j Yi, j (11)

Pyi =
2L∑
j=0

W
(c)
j

(
Yj,i − ŷi

) (
Yj,i − ŷi

)T
+ Ri (12)

P(x,y)i =
2L∑
j=0

W
(c)
j

(
X∗
i, j − x̂−i

) (
Yi, j − ŷi

)T (13)

To combine the state with the observations, the Kalman gain
attributes more or less weight to the observations from the Kinect
in relation to the prediction, and is computed as,

Ki = P(x,y)i P
−1
yi (14)

Finally, the new prediction combining the information from
the state-transition and observation models, as well as the new
covariance for this state is given by,

x̂i = x̂−i + Ki (yi − ŷi ) (15)

Pi = P−i − KiPyiK
T
i (16)

This process is performed twice, for the upper and lower body
models, possibly in parallel. However, the mismatch between the
root positions of both chainswas not considered, since themain goal
was to compute movement features, and most do not require this
coherence. Nevertheless, multiple approaches such as the average
between the two would suffice to correct any offset that could result.

When establishing the state-transition function, one may take ad-
vantage of previous knowledge on the movements being performed
and acquired by the Kinect. In fact, multiple fast movements of a
joint, compared to a slow or barely moving one, describe highly dif-
ferent systems. So, setting lower variations in the latter in relation
to the former should make sense. Then, there would be a corre-
sponding larger covariance value for the joints whose movements
are larger in comparison with the other joints, and in comparison to
other exercises requiring slower actions. Notwithstanding, as there
was no ground truth available which could be used to select and val-
idate the chosen covariance values, these were selected considering
an empirical criteria. A smoothness of the movements was sought,
while trying to maintain a considerable similarity to the original
data, which was done by enabling the system to attain high enough

variations which could be expected in the exercise, but constraining
the movements corresponding to abnormal displacements of the
joint’s values.

For each iteration, it is possible to obtain the data from both the
system of the UKF, i.e. the angles and angular velocities for each of
the directions, and lengths of the links. Moreover, it is also possible
to obtain the coordinates of each joint by taking the observation
function at the computed state, for each iteration. This way, it was
possible to analyze comparatively the original data from the Kinect
with the data after being filtered using the UKF.

3 EXPERIMENTAL RESULTS
A dataset of 21 participants [1] was processed in this work, 11 young
and 10 senior adults (average age of 61 years), performing four
fitness assessment exercises based on the Senior Fitness Test (SFT)
[15], which aim at different core fitness characteristics necessary to
perform ADLs. This set of physical exercises establishes a standard,
which can be used to study elderly fitness assessment, in a valid
and reliable manner. Indeed, the employed tests, which focused on
lower body training, were:

2-minute step: Test from the SFT, aiming at measuring the aerobic
endurance of a subject, it consists on raising each knee in succes-
sion for the maximum number of repetitions achievable during
the period of 2 minutes. This test is highly related with walking
and climbing stairs, and also longer and more demanding activities
requiring physical endurance. An example of the performance of
this exercise may be seen in Figure 1.

30-second chair stand: Test from the SFT, which targets the mea-
surement of lower-body strength, requiring the participant to stand
up and sit down repeatedly, for the maximum repetitions possible
during 30 seconds. Again, walking and climbing stairs are closely
related to this exercise, as well as getting in or out of a car or tub,
or other ADLs regarding lower-body strength. Figure 2 shows the
execution of the 30-second chair stand test by an elderly participant.

8-foot up-and-go: Test from the SFT, focused on quantifying
agility and dynamic balance of a participant, who starts seated
down in a chair, and needs to stand up, walk 8 feet (2.4 meters),
turn around, and return and sit down on the chair, with the time
to complete the exercise working as the measure. ADLs requiring
faster movements are closely related, like getting off the bus or
cooking. The walking performed in this exercises may be seen in
Figure 3, where 3 repetitions were captured.

Unipedal stance: The only of the four not belonging to the SFT, it
focuses on assessing the static balance abilities. It requires raising
and holding one leg off the ground, while keeping the arms crossed
over the chest, for the longest possible, but for a maximum period of
30 seconds, at which the test is considered to be completed. Riding
the bus or walking in a narrow sidewalk are relatable ADLs. The
foot being raised above the ground during the full 30 seconds may
be seen in Figure 4, where a correction is also performed by the
filter right before the lifting.

The datasets consisted on a skeleton, acquired at 30 Hz, and
including the timestamps of each frame, the orientation of the floor,
the 3D positions of 23 joints, the orientation of each joint as a
quaternion, and an indicator of the tracking status of each joint.
In every test, the person would perform the exercise in front of
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Figure 1: 2-minute step performed by elderly female. Right
knee. Before (red) and after the kinematic filter (blue).
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Figure 2: 30-second chair stand performed by elderly female.
Right hip. Before (red) and after the kinematic filter (blue).
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Figure 3: 8-foot up-and-go performed by elderly female.
Right hip. Before (red) and after the kinematic filter (blue).

the Kinect camera, which captured their entire body. In some cases
more than one person would be detected. In those cases only the
main participant (which was always the closest to the camera) was
considered while the others were discarded.

Next, for each test, the kinematic filter was applied with the
covariance of the state being dependent on the movement being

0 5 10 15 20 25 30 35 40 45

time (s)

-1

-0.98

-0.96

-0.94

-0.92

-0.9

-0.88

-0.86

-0.84

-0.82

-0.8

d
is

ta
n

c
e

 (
m

)

Figure 4: Unipedal stance performed by elderly female.
Right foot. Before (red) and after the kinematic filter (blue).

executed. The system was initialized as a generic standing posi-
tion for 2-minute step and Unipedal stance tests, and as a generic
seated position for 30-second chair stand and 8-foot up-an-go tests,
since these were the most general positions that were expected at
the beginning of each exercise. The velocities were initialized to
zero, and the covariance of the state, P0, initialized to P0 = 100 ·Q .
Nevertheless, since these do not correspond to the true initial posi-
tion of the subject, there exist cases in which, at the start, it takes
a small period of time until the system converges to the actual
position, which may be seen at the beginning of the plot from Fig-
ure 8. Furthermore, regarding the lengths of the links, the first 30
frames (1 second of data) were averaged, since in most datasets, the
participant remains still in the beginning of the video. In addition,
the parameters of the UKF sigma points used were the most usual
values found in the literature [18], with α = 1 · 10−3, β = 2,κ = 0.
Since an approach using the UKF was employed, it should be no-
ticed that, as the computation of the square root of the covariance
matrix was done with the Cholesky decomposition, the covariance
matrix is required to be positive definite, and therefore no state
variable must have covariance zero, thus there cannot be a constant
variable, but only variables that have larger or smaller covariance
than others. In this work, the covariances were considered as being
diagonal, i.e., the variables started as independent from each other,
and, regarding the state, joints which were expected to have larger
variations in the exercise to be performed were set to have larger
covariances than the rest, where considering the observations, it
was set equal for the positions of every joint. Notwithstanding, all
the values were picked by experimentation.

The selection of the specific values for the covariances of each
exercise took advantage of the 21 available datasets, as a segmenta-
tion of the patients was employed while performing this operation.
Accordingly, by using a few datasets for the estimation of these val-
ues, the possibility to introduce a bias on a specific patient should
be reduced. Likewise, performing the testing on datasets which
were not used to choose the covariances should yield less biased
results, and demonstrate the generalization potential of the algo-
rithm proposed in this work. In fact, the obtained results for the
patients which were not included in the set used for the parameters
selection exhibited similar behavior to the ones which had been
used for that purpose, describing the movements performed by the
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Figure 5: Left knee angle, during the 30-second chair stand
exercise performed by an elderly male participant.
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Figure 6: Left knee angular velocity, during the 30-second
chair stand exercise performed by an elderly male.

participant in a smooth and clear manner. The values that were
found to work best on the system are presented in Appendix A,
where the detailed state and observation vectors are also described.

After the application of the kinematic filter, the state at each
iteration described the angles and angular velocities, considering
the degrees of freedom of each joint. In fact, Figures 5 and 6 show the
plots of the knee rotation and velocity during the performance of
the 30-second chair stand exercise by an elderly male participant. In
these plots, the system may be seen converging from the initialized
state to the actual angle in the first iterations, and the exercise
is easily identifiable in the successive flexion and extensions of
the knee, as well as the zero velocities for maximum flexion and
extension of the leg, and maximum velocities (in module) midway
through the raise/lowering of the leg.

The acquired data presents a variety of mistakes, large variations
in small amounts of time are likely not the true positions of the
movement being captured. In fact, some errors in the data were
corrected using the proposed method. For instance, in Figures 7 and
8, multiple mistakes are identifiable, which are then corrected by
the filter. Accordingly, when the filter reaches these noisy samples,
since they ought to be unlikely when considering the distribution
of the state model, the observations will obtain a much lower gain
(Equation 14) than the predictions, thus attenuating those mistakes.
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Figure 7: Segment of the Unipedal stance exercise from the
left foot, before (red) and after kinematic filter (blue).
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Figure 8: Left knee, Unipedal stance exercise by an elderly
female, before (red) and after kinematic filtering (blue).

Figure 9: View of the model of an elderly female’s Unipedal
stance test. Before (red) and after the kinematic filter (blue).

One of these cases is more closely illustrated in Figure 9. This
figure corresponds to the instant which is represented by a dashed
line on Figure 8. Here, although being projected in the 2D coronal
plane, it is possible to see the sudden displacement of the left leg,
which is the support leg in the Unipedal stance test, being corrected
by the kinematic filter.
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Figure 10: Unipedal stance, lower leg length of an elderly
female. Before (red) and after the kinematic filter (blue).
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Figure 11: 30-second chair stand, lower leg length of an el-
derly female. Before (red) and after the filter (blue).

Also in Figure 8, one may identify an offset for the period in
which the knee is flexed (approximately 15 to 43 seconds), this
originates on the fact that the data provided by the Kinect SDK
does not enforce the lengths of the links to be constant, varying by
a large margin when compared to the little variation that is allowed
by the achieved kinematic filter. As a matter of fact, Figure 10 shows
the lower leg length varying through time of the same exercise,
performed by the same participant, and being highly subjective on
the position of the individual.

The length variations are clearly an erroneous feature processed
by the Kinect SDK algorithm, as these phenomena do not describe
the true positions of the subject in study. Again, this work tries
to correct this issue, as seen in Figure 11, where a participant is
performing the 30-second chair stand exercise, and the lower leg
length keeps oscillating, as the person is standing up or sitting
down, in the data originated by the SDK. However, in the data from
the kinematic filter, the length almost does not vary, following the
initial value from the calibration phase.

4 CONCLUSIONS
We propose a real-time method aimed at the improvement of the
accuracy of the data provided by the Kinect SDK, capable of being
implemented in a diversity of applications, such as in an assistant

robot which could focus its interactions in the physical training of
its users. As this data does not enforce any kinematic constraints, by
having previous knowledge on the movement being performed, it is
possible to devise a kinematic filter model, based on the UKF, which
does not only allow the prevention of certain wrong features of
the skeleton data from the Kinect, but also provides information on
the angles of each joint in either of the anatomical planes set to be
movable by that joint, and also the corresponding angular velocity
for the same directions. Therefore, the extraction of kinematic
parameters could be enhanced by having a more cohesive anatomic
model of the subject participating in the physical training. In this
work, four standard physical exercise models to assess different
fitness areas were employed, and the system was studied for each.

In fact, our system grants the ability to compute a set of kine-
matic parameters, as the computation of the angles and angular
velocity of each joint in relation to the multiple directions are major
components in the kinematic study of the human movement. The
angle between two links may easily be computed in relation to a
coordinate system which takes the links to be vectors and computes
the angle by taking the scalar product of the two vectors. However,
decomposing the movement in the angles of rotation in the anatom-
ical movements of flexion and extension, adduction and abduction,
and rotation, is not as easy, and using our approach these properties
are computed by the filter and given as one of its outputs. Moreover,
as seen above, the changing link lengths represent a flaw in the
data obtained as they do not represent the true behavior of human
movement, and this problem is highly attenuated by our model.

Furthermore, the segmentation of the dataset through the use
of a subset of executions of each exercise to select the quantities
to attribute to the covariances, and the evidence of the analogous
results obtained while applying the filter to exercises of either set,
provide a basis to validate the method’s ability to generalize, as
reproducible results are found for the whole dataset.

In opposition, the fact that therewas no comparison to a standard,
like a marker-based IR system with millimetric or sub-millimetric
accuracy, reduces the capability to quantify the results from the
algorithm, and would be an important testing mechanism. Never-
theless, this may be done in a future acquisition which could be
eventually performed.

Additionally, a system such as the proposed kinematic filter
attempts to solve an optimization problem, given some state in-
formation and the observed data, as it tries to find the state that
better fits each case. However, this does not guarantee that the true
state is found, and may lead to the computation of incorrect values
and positions, which could lead to lower violations on the given
constraints. Also, the fact that there is some previous knowledge
about the movement being introduced hints that the system would
perform worst in the acquisition of other movements, which lim-
its the application to a set of specific use cases, and requires the
creation of new profiles for new exercises introduced.

In the future, the system can be further developed, extending
the state to include the orientation of each joint, provided as an
orientation quaternion by the Kinect SDK. This way, one more
indication of the actual position and orientation of the subject
would be introduced, accomplishing a more meticulous system
which can better model the kinematic chains, providing rotation
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information in the observation model, adding to the one already in
the state model.

Another interesting addition to the proposed model would be
using the specific characteristics of the UKF and of the unscented
transform. In fact, by using the predicted state, as its mean and
uncertainty (covariance), to be able to identify large deviations
from the prediction, and find a way to correct them, it could be
possible to integrate a more precise outlier detection model. Also,
if the distribution which describes the prediction could be able
to pinpoint non-anatomical positions, e.g. bending the arm or leg
backwards, these mistakes could also be found and then corrected.

Finally, testing the obtained results against other methods would
be important and should be performed. This could be done by
extracting certain movement parameters from the data and per-
forming a comparison to the ones provided by specialized tests and
health professionals, as well as comparing them to other state-of-
the-art systems.

Despite the limitations mentioned above, we believe the method
presented in this paper is already capable of improving, to a large
extent, the signal-to-noise ratio of the Kinect skeleton data, and
constitute an important asset for pre-processing the data for appli-
cations using this sensor for the measurement of biomechanical
variables.

A UKF SYSTEM
A.1 Kinect skeleton from the Kinect SDK

Figure 12: Set of skeleton joints provided by the the Kinect
SDK. [16].

A.2 Observation vector
In the following vectors, the notation y = [x] describes the three
components of x as components of y, i.e. y = [x1,x2,x3].

Lower-body model:

y =
[
xroot , xl−hip , xl−knee , xl−ankle , xl−f oot , . . .

xr−hip , xr−knee , xr−ankle , xr−f oot
]T

Upper-body model:

y =
[
xroot , xspine , xc−shoulder , xneck , xhead , xl−shoulder , . . .

xl−elbow , xl−wrist , xr−shoulder , xr−elbow , xr−wrist ]T

A.3 State vector
Lower-body model:

x = [xroot ,yroot , zroot ,vxroot ,vyroot ,vzroot ,θxroot ,θyroot , . . .
θzroot ,ωxroot ,ωyroot ,ωzroot ,θxr−hip ,θyr−hip ,θzr−hip , . . .

ωxr−hip ,ωyr−hip ,ωzr−hip ,θzr−knee ,ωzr−knee ,θyr−ankle , . . .

θzr−ankle ,ωyr−ankle ,ωzr−ankle ,θxl−hip ,θyl−hip ,θzl−hip , . . .

ωxl−hip ,ωyl−hip ,ωzl−hip ,θzl−knee ,ωzl−knee ,θyl−ankle , . . .

θzl−ankle ,ωyl−ankle ,ωzl−ankle ,Lr−root−hip ,Lr−hip−knee , . . .

Lr−knee−ankle ,Lr−ankle−f oot ,Ll−root−hip ,Ll−hip−knee , . . .

Ll−knee−ankle ,Ll−ankle−f oot
]T

Upper-body model:

x = [xroot ,yroot , zroot ,vxroot ,vyrootvzroot ,θxroot ,θyroot , . . .
θzroot ,ωxroot ,ωyroot ,ωzroot ,θxspine ,θyspine ,θzspine , . . .

ωxspine ,ωyspine ,ωzspine ,θxl−shoulder−c ,θyl−shoulder−c , . . .

θzl−shoulder−c ,ωxl−shoulder−c ,ωyl−shoulder−c , . . .

ωzl−shoulder−c ,θxl−shoulder ,θyl−shoulder ,θzl−shoulder , . . .

ωxl−shoulder ,ωyl−shoulder ,ωzl−shoulder ,θzl−elbow , . . .

ωzl−elbow ,θxr−shoulder−c ,θyr−shoulder−c ,θzr−shoulder−c , . . .

ωxr−shoulder−c ,ωyr−shoulder−c ,ωzr−shoulder−c , . . .

θxr−shoulder ,θyr−shoulder ,θzr−shoulder ,ωxr−shoulder , . . .

ωyr−shoulder ,ωzr−shoulder ,θzr−elbow ,ωzr−elbow , . . .

θxup−shoulder−c ,θyup−shoulder−c ,θzup−shoulder−c , . . .

ωxup−shoulder−c ,ωyup−shoulder−c ,ωzup−shoulder−c , . . .

θxneck ,θyneck ,θzneck ,ωxneck ,ωyneck ,ωzneck , . . .

Lroot−spine ,Lspine−shouldercenter , . . .

Ll−shouldercenter−shoulder ,Ll−shoulder−elbow , . . .

Ll−elbow−wrist ,Lr−shouldercenter−shoulder , . . .

Lr−shoulder−elbow ,Lr−elbow−wrist , . . .

Lshouldercenter−neck ,Lneck−head ]T

A.4 Covariance values
In this section, the four exercises included in the dataset will be
referred as:

• 2MS: 2-Minute Step test
• 30SCS: 30-Second Chair Stand test
• 8FUAG: 8-Foot Up-And-Go test
• US: Unipedal Stante test

Table 1: Observation covariance values for the upper body
model (per frame). (I represents the identity matrix.)

2MS 30SCS 8FUAG US

1 · 10−4 I 1 · 10−4 I 1 · 10−3 I 1 · 10−4 I
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Table 2: State covariance values for the lower body model
(per frame). The vector entries of the table all have the same
specified value in their components.

Variable 2MS 30SCS 8FUAG US

xroot 1 · 10−6 1 · 10−6 1 · 10−6 1 · 10−8

vroot 1 · 10−4 1 · 10−3 1 · 10−2 1 · 10−6

θ root 1 · 10−6 1 · 10−6 1 · 10−6 1 · 10−8

ωroot 1 · 10−4 1 · 10−3 1 · 10−2 1 · 10−6

θhip 1 · 10−6 1 · 10−6 1 · 10−6 1 · 10−8

ωhip 1 · 10−1 1 · 10−3 1 · 10−3 1 · 10−6

θknee 1 · 10−6 1 · 10−6 1 · 10−6 1 · 10−8

ωknee 1 · 10−1 1 · 10−2 1 · 10−1 1 · 10−5

θankle 1 · 10−6 1 · 10−6 1 · 10−6 1 · 10−8

ωankle 1 · 10−4 1 · 10−4 1 · 10−1 1 · 10−5

link length 1 · 10−9 1 · 10−9 1 · 10−9 1 · 10−11

Table 3: State covariance values for the upper body model
(per frame). The vector entries of the table all have the same
specified value in their components.

Variable 2MS 30SCS 8FUAG US

xroot 1 · 10−8 1 · 10−7 1 · 10−7 1 · 10−8

vroot 1 · 10−6 1 · 10−4 1 · 10−3 1 · 10−6

θ root 1 · 10−8 1 · 10−7 1 · 10−7 1 · 10−8

ωroot 1 · 10−6 1 · 10−5 1 · 10−3 1 · 10−6

θspine 1 · 10−8 1 · 10−7 1 · 10−7 1 · 10−8

ωspine 1 · 10−6 1 · 10−5 1 · 10−4 1 · 10−6

θneck 1 · 10−8 1 · 10−7 1 · 10−7 1 · 10−8

ωneck 1 · 10−6 1 · 10−5 1 · 10−4 1 · 10−6

θshoulder−c 1 · 10−8 1 · 10−7 1 · 10−7 1 · 10−8

ωshoulder−c 1 · 10−6 1 · 10−5 1 · 10−4 1 · 10−6

θshoulder−l/r 1 · 10−8 1 · 10−7 1 · 10−7 1 · 10−8

ωshoulder−l/r 1 · 10−5 1 · 10−5 1 · 10−4 1 · 10−5

θelbow 1 · 10−8 1 · 10−7 1 · 10−7 1 · 10−8

ωelbow 1 · 10−5 1 · 10−4 1 · 10−4 1 · 10−4

link length 1 · 10−11 1 · 10−10 1 · 10−10 1 · 10−11
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