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Abstract

The new generation of videogame interfaces such as Microsoft’s Kinect opens
the possibility of implementing exercise programs for physical training, and of
evaluating and reducing the risks of elderly people falling. However, applications such
as these might require measurements of joint kinematics that are more robust and
accurate than the standard output given by the available middleware. This paper
presents a method based on particle filters for calculating joint angles from the positions
of the anatomical points detected by PrimeSense’s NITE software. The application of
this method to the measurement of lower limb kinematics reduced the error by one order
of magnitude, to less than 10°, except for hip axial rotation, and it was advantageous
over inverse kinematic analysis, in ensuring a robust and smooth solution without

singularities, when the limbs are out-stretched and anatomical landmarks are aligned.
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Introduction
The benefit of “exergames” in stimulating sensorimotor learning processes® has
encouraged the creation of therapy programs based on new-generation videogames,
using motion capture devices that reduce the distance between biomechanical research,

clinical practice, and home-based interventions.

Besides Nintendo’s Wii,”* Microsoft’s Kinect is a popular videogame platform
used for balance-recovery programs.>”’ In addition to motivating and guiding the user,
Kinect can also be used to monitor the exercises for assessment and feedback purposes.
A successful application, however, requires a trade-off between the amount and quality
of motion data, and the accuracy that the sensors can provide. Many studies have used
the OpenNI interface to the Kinect sensor, and PrimeSense’s NITE toolbox.® This

solution yields position errors of 1-to-10 cm,®*°

which can be acceptable for the
proposed applications. Microsoft’s Software Development Kit, which uses “randomized
decision forests,”** has similar margins of error.>'* There are few studies about the
errors of joint rotations, which are also given by modern versions of those interfaces.
The only published study that we have found reported mean errors of less than 10°;*

however, NITE’s documentation warns about the important noise of joint orientations,

and their indetermination when limb segments are aligned.®

This paper investigates an alternative resolution of the inverse kinematic
problem for the “iStoppFalls” balance-training and assessment program,*® using particle
filters (PF). This technique is normally used to analyze complex images, formed by
point clouds and volumes. The present study will explore its application to the analysis
of higher-level, simpler positional data provided by NITE, and test whether it can

improve the angle estimations given by that middleware.

Materials and methods

Skeleton and PF model

Since the program of exercises focused on the motion of limbs, the model took
the trunk as the root segment, from which the arms and legs stemmed as two-segment
linkages (Figure 1, left). Three rotational degrees of freedom were assigned to trunk,

shoulders and hips, and one to elbows and knees.
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Figure 1 — Left: skeleton model in the reference posture (null rotation of all
joints). Right: set of markers used for motion capture with marker sets of body

segments highlighted.

Trunk displacement was irrelevant for the purposes of the study. Thus, the 3D
positions of the remaining 12 joints were represented by their distance to the trunk joint,
with their 36 coordinates gathered in vector y; for each instant t. Human joint rotations
are usually represented as Euler sequences,*”*® but for computational purposes, we used
vector ;, which contained the 19 coordinates of the joint relative attitude vectors.™
Given the body segments’ length, the relation between “error-free” measurements of y;

and 0; was determined by the direct kinematic model:
Yi = x(et)’ (1)

A PF was used to calculate 0; from y;. Both vectors were considered random

variables, whose dynamic behavior was modeled by a Markovian Stochastic Process:
0.~ 1(010,,) 2)

y.~9(yl6,) (3)
The values of O; were obtained recursively as the average of 512 particles
{iﬂt }:2 , Which were propagated by the “sample-resample” technique, as follows. An
initial population of particles with fixed values {‘90} was first defined. In each later
instant t, the a priori distribution of 0; was estimated by sampling the values {‘ ii} out of

(2), given {‘ Ot—l}' Then, the a posteriori distribution was estimated by assigning weights
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to {‘ 6t} after (3) and the observed value of y;. Then {‘Bt} were resampled with

replacement from {‘ﬁt}, according to those weights. This algorithm ensures that

particles remain in regions of high probability, avoids accumulation of errors over time,

and gives stable results.?’

Model training
For the sake of simplicity and computational efficiency, the functions defined in
(2) and (3) were based on multivariate normal distributions. Their means were defined

on theoretical grounds, such that (8|0, ,) described a random walk, and g(y|®,) was

centered around the value of the direct kinematic model:
E(f(0]0,,))=0,,, @
E(g(v10,)=%(0,). 5)
Limb lengths, required by (@), were obtained by an initial calibration,

through measuring distances between joints in the first static instants. f(0|9t_1) was

trimmed to retain the possible values of 6; within the ranges of motion of healthy

adults.?+%

The covariance matrices of both distributions (X, Xy) were obtained
experimentally with a volunteer. The work was approved by the ethical committee of
the Universitat Politécnica de Valéncia, and the subject gave informed consent to

participate.

Two 10-second static measurements were taken with Kinect, in order to estimate

the covariance of g(y|9t). Medium-to-high correlations were observed between the

variations of some coordinates of y;; therefore, a full matrix was defined for X,.

Then, cyclic rotations around the different axes of each joint, starting in the “T-
posture,” were recorded separately in 10-second measurements, using the Kinescan-1BV
photogrammetry system with 10 high-resolution cameras, and 42 markers that
facilitated the calculation of joint positions from a well-defined kinematic model
(Figure 1, right).?® Thus, the size of the difference 0, - 8., was considered to model the

variability of f(0]0,,). X, was assumed diagonal.
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The stochastic behavior of the model was assumed symmetric. This property
was forced by averaging the variances of the left and right joints for both covariance

matrices.

Comparison of joint rotations

The joint rotation errors of the NITE and PF algorithms were compared for the
main movements that must be done by the user during the “iStoppFalls” exercises:
“back knee” (alternate knee flexion while standing), “sit+front knee” (sit and alternate
leg elevation), “side hip” (alternate lateral leg elevation while standing), and “step”,
based on the Otago strengthening program,®* plus “near tandem” (keep standing with

one foot in front of the other) from the “Quick-Screen” fall risk assessment.?

These exercises were done by the volunteer and recorded simultaneously by
Kinect and Kinescan-IBV. In each exercise, the subject started in the “T-posture,” to
calibrate limb lengths and set the initial value of @o. In all cases, the exercise was done
with the right-hand side of the body, in order to evaluate whether the results varied

depending on the level of motion.

Overall, there were three sets of results: (1) the “gold standard” of Kinescan-
IBV, (2) the values obtained by the NITE algorithm from Kinect data, and (3) the
results of the PF. The output of NITE, given as rotation matrices, was transformed into
attitude vectors for comparison. As data analysis revealed frequent axial “flips” of the
limbs, as if an axial rotation of 180° along their long axes had been added, an opposite

rotation was introduced at such discontinuities, in order to avoid error inflation.

The errors of the two Kinect-based results were modeled as motion artifacts
added to the “correct” movement represented by the gold standard.?® This resulted in the
“error attitude vectors” “&/ , with different values for each joint j and for each algorithm
A. The analysis was focused on hips and knees, the joints of interest for the target

application.

These errors were represented as Euler angles for the standard sequence of lower

limbs (flexion-abduction-axial rotation). For a more concise comparison of the total

Agd

amount of error in each joint, the difference between the modules of “¢! was also

calculated at each instant:

Agtj:‘NlTEgtj‘_‘PFetj‘. (8)
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These variables were a measure of the “improvement” provided by the PF. To

verify that such an improvement was significant, a Wilcoxon signed-rank test was
applied to the distributions of Ae/. Their values were also calculated with a four-times

smaller or larger set of particles (128 or 2048), in order to evaluate the potential impact
of changing the ratio between the variability of the model and the number of particles.

All the calculations were done with GNU Octave.?’

Results

Standard deviations of (0]6,,) and g(y|®,) were between 1° and 6°, and

between 6 and 40 mm, respectively, with the remarkable exception of the error in the

position of the hand, which was over 150 mm in the camera plane (Table 1).

The absolute values of the Euler angle errors had a great dispersion. Their
distributions were mainly concentrated between 1° and 10°, but NITE errors were one
order of magnitude greater (tens of degrees) for hip abduction and for knee flexion of
both sides (Figure 2). When all the measures were taken together, the NITE average
error for right hip flexion was also greater than the corresponding PF error, although
both distributions had the same order of magnitude (Table 2). On the other hand, the PF
did not improve the error of NITE in hip axial rotation, and in fact, it was substantially

increased for the left-hand side.

Table 1. Standard deviations (SD) used to model the
distributions of the particle filter.

SD (f(6]6y)) (°) SD (g(y18y) (mm)

X y z X y z

Trunk 1.60 244 1.16 — — —
Shoulder 2.88 5.64 2.8 9.1 6.7 12.7
Elbow 244 —  — 29.8 252 20.3
Hand —_ = — 1515 181.7 145
Hip 2.76 3.28 3.36 6.0 6.5 10.1
Knee 131 — — 8.8 168 351
Foot —_ = = 19.8 252 381
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Figure 2 — NITE vs. particle filter (PF) errors in Euler angles of hips and
knees for all the exercises. Absolute values in degrees (axes in logarithmic scales).
Points in the right bottom sectors represent instants where NITE error was higher
than PF error, and vice versa.

Considering the set of all measurements, the improvement provided by the PF to
hips and knees (Ag;" and Ael, respectively) was clearly positive for the right-hand
side, but small for the left-hand side (Table 2). Wilcoxon’s test showed that the average

of those variables was significantly positive (W>10, P<.001) in all cases, except for the

left hip, where the (also positive) difference was not significant (W=1.35, P=.176).

When the individual exercises were considered, PF errors were often similar to
NITE errors, although there are relatively more cases when NITE errors were greater
and fewer cases when PF errors were greater. For side hip and tandem, the PF

performed generally better, especially for the right-hand side. On the other hand, left hip
axial rotation presented greater PF errors in all exercises. The values of Ag;' and Ag/

were small in most cases, but again, tended to be positive. Their interquartile ranges

were fully positive in 8 cases, and only slightly negative in 1 out of 20 cases (left

Ag/ for the side hip exercise).
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Table 2. Summary of joint rotation errors associated with the NITE and particle filter
algorithms. Mean values are given for each joint angle and the difference of attitude

errors (Ag', Aef), together with the interquartile ranges (25th and 75th percentiles),
given the strong non-normality of the distributions. All values in degrees.

Hip flex. Hip abd. Hip rot. Knee flex.
NITE PF NITE PF NITE PF AﬁtH NITE PF AatK
Right-hand side
Back knee
mean 77 50 16 17 6.3 123 -2.9 104 10.1 0.3
p25 46 2.8 04 0.6 30 97 -8.6 6.3 1.7 -9.5
p75 10.7 6.8 24 27 9.3 147 2.6 13.3 16.7 10.6
Sit + front knee
mean 111 8.1 83 35 8.9 199 -4.2 85 89 -0.4
p25 31 30 6.4 21 27 181 -10.3 55 4.3 -5.6
p75 176 121 95 5.0 119 227 1.6 119 13.2 4.0
Side hip
mean 461 6.8 369 22 28.2 147 56.5 373 28 345
p25 132 52 127 0.7 216 7.0 20.6 3.7 14 11
p75 558 8.2 659 29 32.0 20.0 110.5 305 4.0 26.6
Step
mean 78 64 3.8 35 6.9 121 -1.7 80 53 2.8
p25 29 47 11 21 28 8.0 -4.7 57 34 0.2
p75 11.7 8.2 47 4.6 109 16.1 3.0 104 7.0 5.3
Tandem
mean 9.2 4.2 126 4.3 125 59 14.4 318 4.0 27.9
p25 29 26 121 3.6 46 1.8 6.0 290 14 23.3
p75 106 5.6 13.9 5.2 13.3 10.6 18.9 37.0 49 34.6
All measures
mean 166 6.2 130 3.2 128 127 131 193 56 13.7
p25 3.7 38 21 14 40 6.8 -3.9 59 21 -0.1
p75 144 8.1 135 4.6 18.0 17.8 18.3 177 7.2 21.8
Left-hand side
Back knee
mean 28 6.0 209 4.1 5.2 149 4.2 6.9 3.8 3.1
p25 1.1 48 200 24 23 53 -1.8 34 15 -1.1
p75 43 7.2 215 5.2 8.1 226 11.4 95 55 6.6
Sit + front knee
mean 135 6.7 73 3.4 53 6.6 6.4 58 6.8 -1.0
p25 49 15 52 1.9 26 45 0.4 29 44 -4.0
p75 17.8 10.0 9.4 46 6.3 86 9.3 6.4 82 1.9
Side hip
mean 36 35 205 2.8 58 243 -1.9 32 31 0.1
p25 05 1.8 211 15 39 113 -12.8 12 1.0 -2.5
p75 42 49 267 4.1 74 389 9.0 51 5.1 3.0
Step
mean 74 54 45 5.0 52 141 -6.4 77 65 1.2
p25 6.2 28 3.0 31 22 63 -9.5 70 51 -1.5
p75 9.1 6.2 59 6.8 76 158 1.0 100 8.0 3.6
Tandem
mean 59 7.0 19.8 3.2 11.7 179 5.0 225 121 10.4
p25 43 39 15.7 0.8 5.8 10.0 -1.0 128 4.1 6.8
p75 6.5 9.3 247 6.1 101 185 11.3 311 198 12.6
All measures
mean 6.9 5.6 13.0 3.8 6.7 15.8 0.1 94 6.7 2.7
p25 31 28 49 1.8 30 6.6 -6.4 32 33 -2.0
p75 89 73 232 53 85 195 8.4 108 8.1 5.7

Note: flex.: flexion-extension error; abd.: abduction-adduction error; rot.: axial rotation error.
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Figure 3— Mean and standard error of the difference between particle filter
and NITE joint orientation errors (Ag] ) for 128, 512, and 2048 particles.
Values in degrees.

The average improvement in hip rotations (but not of knee rotations) increased
with the number of particles (Figure 3). However, even the gain in hips (around 6° from
128 to 2048 particles) was small compared with the wide dispersion of errors that had

been observed.

Discussion

This study presents an alternative to the methods used by Kinect middleware to
calculate joint rotations. NITE errors often exceeded 10° (even after correcting
accidental “flips”) except for hip flexion, unlike in previous studies.”> A possible
explanation for this discrepancy is that the gold standard used by other authors was
obtained by an inverse kinematic analysis of a simple skeleton model, formed by one-
dimensional lines linking joints. That model has the same problems of indeterminations
and singularities reported for NITE algorithms, and could mask NITE errors. The gold
standard of the present study was obtained from measurements with a greater number of

markers and therefore, could be considered more valid.
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The error of the PF was typically below 10°, except for hip axial rotation. This
was comparable with NITE errors and one order of magnitude lower for hip
abduction/adduction and knee flexion. The rotations calculated by the PF were more

reliable for joints in motion.

PF and related techniques are often employed for motion tracking, using data
from inertial sensors or more complex optical data from marker-less motion capture.
This study demonstrated that they can also be used with simpler, high-level data such as
the position of a small number of anatomical landmarks. In addition to reducing errors,
PF have the advantage of giving smooth angle trajectories, coherent with skeletons of
fixed anthropometry. To obtain those properties with inverse kinematics, the analysis
should be complicated with nonlinear optimization techniques.?

A limitation of this study is that it was conducted with just one subject in a
laboratory. The intended application of this technology involves measuring many

people in various home environments, such that the dispersions of f(0|9t71) and
g(y|9t) may be larger than the values observed in the experiment. However, the PF

might still converge if there are a sufficient number of particles.?® The results show that
hip errors are more sensitive to the number of particles, especially if the degree of
motion is small. The required computational resources grow proportionally with the
number of particles, but other mathematical approaches could be attempted to
counteract that problem, such as Unscented Kalman Filters.*® Better performance could
also be obtained by using a state space based on positions, instead of joint angles, whose

effect on the observed posture is accumulated across the kinematic chains.*

This study was limited to the analysis of lower limb angles, as they were the
ones of interest for the balance-assessment and training exercises considered in the
present research framework. For less specific applications, the methodology could be

easily applied to the analysis of upper limbs.
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