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Abstract: Human motion analysis is crucial for a wide range of applications and disciplines.
The development and validation of low cost and unobtrusive sensing systems for ambulatory
motion detection is still an open issue. Inertial measurement systems and e-textile sensors
are emerging as potential technologies for daily life situations. We developed and conducted
a preliminary evaluation of an innovative sensing concept that combines e-textiles and
tri-axial accelerometers for ambulatory human motion analysis. Our sensory fusion method
is based on a Kalman filter technique and combines the outputs of textile electrogoniometers
and accelerometers without making any assumptions regarding the initial accelerometer
position and orientation. We used our technique to measure the flexion-extension angle
of the knee in different motion tasks (monopodalic flexions and walking at different
velocities). The estimation technique was benchmarked against a commercial measurement
system based on inertial measurement units and performed reliably for all of the various
tasks (mean and standard deviation of the root mean square error of 1.96 and 0.96◦,
respectively). In addition, the method showed a notable improvement in angular estimation
compared to the estimation derived by the textile goniometer and accelerometer considered
separately. In future work, we will extend this method to more complex and multi-degree of
freedom joints.
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1. Introduction

Human posture and movement analysis is fundamental for a wide range of applications and
disciplines, such as physical and neuro-rehabilitation, sports medicine, human performance assessment
and virtual training. Although standard motion analysis instruments are widely used in these fields, the
development and validation of ambulatory and unobtrusive sensing systems, which provide a reliable
measurement of human motion and activity in out-of-lab daily life, are still open issues in the current
literature. The development and validation of wearable technologies aimed at allowing physicians
and therapists to remotely supervise and coach the patients during their rehabilitation exercise in their
recovery phase are some of the current challenges.

Recently, as anticipated by De Rossi and Veltink in [1], wearable textile-integrated sensing of
human movements and electrophysiological acquisition devices have been developed. The authors of
the current paper collaborated, within the EU project INTERACTION [2], in the development of an
e-textile platform endowed with wireless 3D inertial movement and textile-based stretch and goniometric
sensing [3]. The INTERACTION system was tested in post-stroke patients to assess the quality of their
mobility and their reaching and grasping capacities.

Over the last decade, inertial measurement units (IMUs), based on the integration of accelerometers,
gyroscopes and magnetometers, have gained the reputation of being at the cutting edge of wearable
motion tracking [4–8]. IMUs estimate the orientation of the body segments where they are attached
by combining multi-sensor information through dedicated optimal sensor fusion algorithms mainly
based on Kalman filtering [4,5,7]. The general approach is to apply strap-down integration of the
gyroscope signal [9] and to correct the inclination and heading drifts through the accelerometer and
magnetometer measurements. The combination of different IMUs, placed on connected body segments,
and the additional information on the kinematic constraints enable joint angles to be measured [10,11].
IMU-based systems can also be employed to track the velocity of the human body, as demonstrated in
the study performed by Yuan [12].

Several wearable motion analysis systems based on IMU technology are now on the market. The
well-known XSens MVN system [13,14] uses proprietary wireless motion trackers (MTw) applied to an
adherent suit to perform full-body motion tracking (upper/lower limbs, trunk and neck). Each MTw
includes a tri-axial accelerometer, a triaxial gyroscope and a tri-axial magnetometer and computes
the fusion algorithms to calculate the global orientation of the body segment to which it is attached.
The orientations of the single body segments are further fused by means of proprietary bio-mechanical
models to estimate the full kinematics of the human body. XSens systems, which were used in the current
study to benchmark the proposed technique, have been adopted and tested in many studies. For example,
Zhang [15] showed a mean error below two degrees by comparing the knee flexion-extension detected
by two MTws with the same angle retrieved by a stereophotogrammetric system. Similar IMU-based
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systems focusing on gait analysis [16,17] have been marketed by INSENCO Co. (composed of nine
inertial sensors placed on the lower limbs combined with wireless six-axis force sensors [18]) and by
Tec Gihan (the M3D system that combines inertial measurement units and wearable force plates [19]).

Beside their widespread adoption in the field, IMU-based systems suffer from a loss of accuracy due to
magnetic disturbance; they can be bulky, and their cost can be considerable. The contribution of inertial
and translational accelerations can limit the accuracy of the accelerometer update [20]. Most importantly,
the presence of ferromagnetic materials or other magnetic disturbances due to environmental noise,
which is inevitable during daily life applications, limits the accuracy of the heading compensation [21,22]
and can compromise the full orientation estimation. Considering our context of wearable unobtrusive
sensing in daily life, an ambulatory, yet reliable monitoring system that avoids the use of magnetometers
would be beneficial, as already pointed out by Seel in [23].

Thus, the new approach described in this work exploits only the acceleration components of IMUs in
combination with other measurement sources taken from a particular class of e-textile sensors.

Textile-based or e-textile solutions have been developed, and their possible application for ambulatory
and unobtrusive motion detection has been described in several research papers, including [24–28].
Textile-based solutions have several advantages compared to solid-state sensors: low cost, lightweight,
low thickness, flexibility and the possibility of adaptation to different body structures. By exploiting
these kinds of sensors, it is possible to design sensing garments with sensor strips applied to specific
locations on normal cloth. Despite these attractive characteristics, textile sensor adoption is still limited
mainly due the low reliability, which thus limits their use to the reconstruction of large and slow
movements. We recently developed a new generation of textile-based goniometers, obtained by coupling
two layers of knitted piezoresistive fabrics (KPF) through an electrically-insulated layer, as described
in [29]. Compared to previously-developed e-textile sensors, textile goniometers can provide an accurate
and reliable measurement of the angles between connected body segments [29–31]. Although textile
goniometers represent an important step forward in wearable human motion detection, they still have
their limitations. In particular, the sensor calibration, which has to be performed in two known angular
positions, as described in Section 2.1, needs to be computed once the sensor has been integrated into the
textile and worn by the user. Due to the intrinsic nature of the textile materials, which tend to modify
their mechanical properties over time, the calibration coefficients can slowly drift, and the calibration
procedure needs to be repeated periodically. This is highly undesirable in ambulatory and daily life
applications where the subject has to use the system as is, without performing too many operations for
the system to work properly. Moreover, we pointed out in [29] that although KPF goniometers represent
a consistent step forward in motion sensing through e-textiles, a slight hysteresis can still affect the
sensor performance.

The aim of this paper is to show that by combining e-textiles and low cost inertial sensing, unobtrusive
and reliable human motion monitoring is possible. This can be achieved by addressing the drawbacks
of the two measurements, by fusing the information derived from KPF goniometers and tri-axial
accelerometers. The idea behind this is that single triaxial accelerometers are less expensive and complex
compared to the current complete IMU technology and do not suffer from magnetic interference. In
addition, they can be easily attached or integrated into the extremities of the KPF goniometer in order to
obtain a reliable and unobtrusive measurement system.
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Without loss of generality, we demonstrated our concept on the movement of the femoral-tibial
joint, which along with the hip and ankle is one of the three major articulations of the lower limb that
allows ambulation.

Several research groups have investigated performing reliable knee joint kinematic assessments
through simplified and reduced sensing systems based on accelerometers and gyroscopes and avoiding
the use of the magnetometer information. Relevant studies are reported in [23,32–37] and exploit the
inertial information derived by two accelerometer/gyroscope pairs that are attached to the thigh and shank
segments. In most of the cited publications, the reconstruction technique is based on the estimation of
thigh and shank orientation to calculate the knee flexion-extension angle [33,35,36]. The accuracy of
these techniques relies on the precision of the orientation estimation, which is a challenge due to the
absence of the magnetometer measurement, and the good alignment of the accelerometer/gyroscope
reference frames with respect to the body segment reference frames. Significant results, root mean
square error (RMSE) around two degrees in comparison with an optical system, have been obtained by
Favre [33] through an alignment procedure that exploited a static standing posture and predefined hip
abduction/adduction movements. Another interesting work was recently presented by Seel in [23], who
proposed a new method for joint axis identification that does not rely on the accuracy with which the
subject performs predefined postures or movements, as well as an innovative reconstruction technique.
Their technique is based on the integration of the angular rate on the identified joint axis and the
subsequent correction of the slowly-drifting angle by the accelerometer measurement (RMSE of three
degrees in comparison with an optical reference system).

In this work, we propose an innovative solution for the implementation of a simplified and reduced
sensing system for knee joint flexion-extension assessment. We exploit a hybrid system that combines
the non-inertial angular measurement of the textile goniometer with the inertial information derived
from the two accelerometers. More specifically, we developed and conducted a preliminary evaluation
of a dedicated sensory fusion approach, based on a Kalman filter implementation. This method exploits
the accelerometer measurement to correct the angular estimation performed by the KPF goniometer by
continuously adjusting its calibration parameters. We demonstrated the capabilities of the new hybrid
measurement system, which is made up of KPF goniometers and tri-axial accelerometers, through the
experimental setup described in Section 2. We built a sensing knee band prototype with pockets used
to host a KPF goniometer, which detects the angle between femur and tibial segments, and two IMUs
attached to the the thigh and shank segments. Raw accelerometer data and KPF outputs were processed
through the fusion technique (see Section 3) to estimate the knee flexion-extension angle. At the same
time, the whole information set derived from the thigh and shank IMUs (i.e., the full orientation matrix
extracted by fusing accelerometer, gyroscope and magnetometer information) was employed as the
standard reference for benchmarking our new approach. In the experimental session, the prototype
was employed to acquire goniometer and IMU data while subjects performed different tasks involving
moving their knee joints. To introduce the sensing fusion technique, the KPF device and inertial sensing
system working principles are described in Sections 2.1 and 2.2, together with the calibrations of the two
systems needed to start the experimentation. The calibration procedure in Section 2.1, which identifies
the parameters of the KPF goniometer, is fundamental to determine the initial status of the Kalman filter
procedure described in Section 3. The main part of the paper describes the algorithm that improves the
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quality of the knee position estimation, by refining the goniometer parameters. Finally, in Section 4,
the knee flexion-extension estimate performed by the hybrid sensing system, detected in six different
movement tasks, is compared to the reference measurement system to evaluate its performance. In the
whole set of tests, the fusion technique showed a reliable performance and was effective at measuring
dynamic knee movements (across trials, mean and standard deviation of the RMSE equal to 1.96 and
0.96 degrees, respectively). These results make our approach comparable with other ambulatory
measurement systems. The results also demonstrated that the fusion method significantly improved the
measurement performance of the individual sensor classes (accelerometers and goniometers considered
individually vs. the reference measurements). In addition, note that no hypotheses were made on the
accelerometer position and orientation with respect to the joint reference frame. Note also that the
system can be easily calibrated, through the dedicated procedure conceived of within this work, without
requiring the user to perform complex tasks. These achievements and the promising measurement
performance make the hybrid system a good candidate for ambulatory and unobtrusive wearable
measurement systems.

2. Experimental Setup

In order to acquire data concerning the flexion-extension of the femoral-tibial joint, both from KPF
goniometers and inertial sensors, a knee band prototype was created using a Lycra fabric. The band was
specifically designed with pockets to contain the KPF and inertial sensing, as shown in Figure 1a. As
shown in in Figure 1b, the knee was simply modeled as a hinge joint, and the flexion-extension angle (θ)
was defined as the angle between the two consecutive segments of the model (i.e., the angle between the
x unit vectors of the Ψ1[x1, y1, z1] and Ψ2[x1, y1, z1] frames).

The KPF goniometer (length 30 cm, width 2.5 cm and thickness 1.5 mm) was integrated into the
garment to entirely cover the considered joint. The working principle of the goniometer, produced
by SMARTEX [38] and based on our proprietary design, is reported in Section 2.1. The goniometer
was calibrated before being integrated into the knee band according to the procedure described in
Section 2.1.

In the same knee band, two inertial measurement units (MTw by XSens, [13]) were fixed inside the
pockets at the thigh (IMU1) and the shank (IMU2). IMUs are positioned on the knee band without
any assumptions regarding their orientation and position with respect to the knee joint segments. The
XSens MTws [13] used in the experiments are compact IMUs containing 3D linear accelerometers, 3D
rate gyroscopes and 3D magnetometers. Each MTw performs real-time signal elaboration and transmits,
through a wireless link, the 3D orientation (Euler, quaternions or rotation matrices) and raw sensor data
(acceleration, angular velocities, Earth magnetic field orientation). The raw accelerometer component
available from the IMU signal was used in combination with the textile goniometer, as detailed in
Section 3, hereafter named the accelerometer sensor. The knee flexion-extension angle derived from the
IMU outputs can be computed by taking into account the components of the full rotation matrix, which
describes the orientation of the IMU frame on the shank with respect to the frame of the IMU placed
on the thigh [10,14]. The IMU devices were calibrated according to the procedure provided by the
producer [14]. The resulting knee flexion extension angle (θr) was considered as the reference
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measurement to evaluate the textile goniometer/accelerometer hybrid system that we propose in
this work.

(a) The prototype
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y1

x2y2

xa1

ya1

za1
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za2xa2

θ

(b) Sensor placement and knee model

Figure 1. Sensing prototype and sensor placement around the knee joint. (a) A double-layer
knitted piezoresistive fabrics (KPF) goniometer and two inertial measurement units (IMUs)
were applied to the knee band; (b) A geometrical scheme of the reference frames fixed with
the body segments and the IMUs. The knee was simply modeled as a hinge joint, and the
flexion-extension angle (θ) was defined as the angle between the two consecutive model
segments (i.e., the angle between the x unit vectors of the Ψ1[x1, y1, z1] and Ψ2[x1, y1, z1]

frames). IMU and accelerometer reference frames (Ψa1 [xa1 , ya1 , za1 ] and Ψa2 [xa2 , ya2 , za2 ])
are not aligned with the corresponding segment reference frame.

In order to collect data on the knee kinematics, in the experimental sessions, the band was worn by five
healthy subjects, who were asked to perform several tasks, grouped into a set of six trials and repeated
three times. In the first two trials, the subjects were asked to perform knee flexion-extension movements
at different velocities in monopodalic contralateral standing. During these phases, the subjects were
asked to flex/extend the knee approximately in the 0–90◦ range. The last four trials concerned walking
activities with increasing velocities. The subjects were asked to walk freely on a straight line for about
40 s, starting with slow-speed walking (first trial) up to very fast walking (fourth trial). The subjects
were free to select the velocities without external constraints. Before starting to collect the full set of
data, each subject was asked to perform the simple movements necessary to align the thigh and shank
accelerometer frames following the calibration protocol described in Section 2.2.

KPF goniometer output was gathered through a dedicated wireless electronic unit, and data were
sampled at 100 Hz and transmitted to a remote PC for elaboration. The IMU sampling rate was set to
100 Hz, and the data (raw accelerometer outputs and orientation expressed as the rotation matrix) were
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transmitted via a wireless link to the same PC. IMU and goniometer data were synchronized through
a dedicated XSens software tool. After recording the sensor outputs, our algorithm for the estimation
of the knee flexion-extension angle, which fuses data from the KPF goniometer and the accelerometers
(described in Section 3), runs offline on a remote PC. The knee flexion-extension angle (θ), defined in
Figure 1b, was extracted by the fusion method applied to goniometer and accelerometer outputs with the
same update rate of the input signals (100 Hz).

2.1. KPF Goniometers

This section briefly reports the background and the working principle of the KPF goniometer used
in our experiments. As described in our previous studies [29–31] and reported in Figure 2, our textile
goniometers were developed by coupling two piezoresistive layers through an electrically-insulating
layer. The sensing layers were made of knitted piezoresistive fabrics (KPFs), previously employed as
single-layer strain sensors for monitoring biomechanical and cardio-pulmonary parameters [39,40].

θ

Figure 2. Schematic diagram of a double-layer KPF goniometer. The black stripes represent
the two identical piezoresistive layers, while the gray stripe is the insulating layer. When the
sensor is in the flat position, the resistance difference (∆R) between the two layers is zero.
When the sensor is flexed, ∆R is proportional to the bending angle (θ), defined as the angle
between the tangent planes to the sensor extremities (green dashed line in the picture).

Ideally, if the two KPF layers were geometrically and electrically equivalent, the sensor output,
represented by the resistance difference between the two sensing layers (∆R), vanishes when the device
is flat and is proportional to the flexion angle (θ), except for a second order infinitesimal function [29]:

∆R = k θ (1)

In practice, Equation (1) is not verified, due to the differences in the electrical properties between the
two piezoresistive layers. In [29], the θ vs. ∆R relation can be reasonably approximated by the following
linear function:

∆R = sθ θ + ∆Ro (2)
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where sθ and ∆R0 represent the goniometer sensitivity and offset, respectively. The angle values θ can
be explained by Equation (2) as:

θ =
∆R−∆Ro

sθ
= c1 ∆R + c2 (3)

In Equation (3), parameters c1 and c2 remain unknown, and it is necessary to perform an initial
calibration to determine them. Note that c1 and c2 are the process variables in the Kalman filtering
described in Section 3.1 and that their initial estimation is thus the zero status for the iterative process
of data refinement. According to Equation (3), by acquiring ∆R1 and ∆R2 in two different angular
positions θ1 and θ2, it is possible to compute c1, c2 as:{

c1 = c1,0 = θ1−θ2
∆R1−∆R2

c2 = c2,0 = ∆R1 θ2−∆R2 θ1
∆R1−∆R2

(4)

Before starting to collect the data in our trials, the goniometer was calibrated in two angular positions
(θ1 = 0◦ and θ2 = 90◦) to obtain the c1,0 and the c2,0 values to feed the Kalman cycle.

2.2. Accelerometer Alignment

The data fusion algorithm, which is the core of the current research and is described in Section 3,
combines the information from the KPF goniometer and the triaxial accelerometers fixed on the thigh and
shank (raw accelerometer components of the IMU signal). Considering the unknown and unmeasured
orientation and the position of the accelerometers with respect to the knee joint segments (as shown
in Figure 1a,b, the accelerometer frames need to be aligned with the corresponding joint segments
(Ψa1 → Ψ1,Ψa2 → Ψ2).

For this reason, we designed the sensor-to-segment calibration procedure outlined in Figure 3. The
required re-orientation of the accelerometer frames can be obtained as an accelerometer calibration
protocol, which is performed on-body and requires knowledge of the goniometer output. The only
assumption is that the position/orientation of the accelerometer frames with respect to the joint segments
remains constant (i.e., we neglect muscle artifacts that could otherwise be reduced with a strategic
positioning of the sensors).

In the first step, using the accelerometer output in a static position, it is possible to determine the
transformation that maps the xai, i = 1, 2 axes of the two frames into the corresponding axes of the
segment frames. This transformation is performed by computing the γ̂i and β̂i angles that can be obtained
from the output vector of the uncalibrated accelerometer ηi, as: γ̂i = arctan( −ηix√

η2iy+η2iz
)

β̂i = arctan(
ηiy
ηiz

)
(5)
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Figure 3. The calibration procedure for the accelerometers. In the first step, using the
accelerometer output only, acquired from a subject in standing position, the xai axes of
the accelerometer frame are aligned with the corresponding xi axis of the bone frames by
computing the γ̂i and β̂i angles. In the second step, using data collected by the goniometer
and the accelerometers in a dynamic acquisition, the remaining axes of the inertial frames
are aligned with the corresponding axes of the frames fixed with the joint segments.

To gather static information from the accelerometers, the subject was asked to stand upright in a
natural position. In this position, the xi’s are aligned with the gravity vector, except for the physiological
angles of the leg bones in standing position, which are negligible with respect to the range of motion of
the femoral-tibial joint. In the second step of the alignment procedure, starting from the upright position,
the subject was asked to slowly flex the knee three times (in monopodalic standing). Let us suppose
that the movement is spanned by a time variable k ∈ [0, N ]. Then, the angles α̂1 and α̂2, necessary to
complete the frame re-orientation, are computed as follows:

(α̂1, α̂2) = arg min
α1,α2

N∑
k=0

‖Rx(α2) η∗2 −R21(θg)Rx(α1) η∗1‖2 (6)

where:

Rx(αi) =

 cos(αi) sin(αi) 0

− sin(αi) cos(αi) 0

0 0 1


describes a rotation around the xi, i = 1, 2 axis, η∗i are the accelerometer outputs after the first calibration
step, θg is the flexion angle obtained by the nominal goniometer output and R21(θg) is the rotation of the
angle detected by the goniometer along the knee anatomical rotation axis (parallel to zi in Figure 1b).
The calibrated accelerometer outputs (ηacci) are then obtained by simply rotating η∗i by the corresponding
rotation matrix Rx(α̂i).
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To test the reliability of the accelerometer calibration procedure, let us introduce the following metric:

misS(R) = ‖RST − I‖2 (7)

Where R, S are a special orthogonal matrix and I the identity in R3×3. The misalignment function
misS : SO3 → R+ is a real map defined on orthogonal frames (the columns of R), and it
is possible to prove, thanks to the triangle inequality, that its values lie in the range [0, 2]. For
misS(R) = ‖RST − I‖2 = 0, matrices R and S are completely aligned, while for misS(R) = 2,
matrices R and S are “intuitively” completely misaligned. Function misS provides an indication of the
reliability of the presented calibration method for the accelerometers. In particular, we adopted the misS
metric to compare the accelerometer sensor-to-segment calibration matrices with the corresponding IMU
calibration matrices obtained by the standard procedure provided by the producer. Below is the result
of the alignment for the accelerometer and the IMU frame placed on the shank. The sensor-to-segment
calibration matrix derived from the XSens MTw is given by:

S =

 0.9770 0.0313 −0.2108

−0.0221 0.9987 0.0462

0.2120 −0.0405 0.9764

 (8)

While the accelerometer calibration matrix derived by the method described above and built using
(α̂2, β̂2, γ̂2) holds:

R =

 0.9766 0.0356 −0.2120

−0.0224 0.9977 0.0645

0.2138 −0.0583 0.9751

 (9)

Since IMUs and accelerometers refer to the same reference frame, the misalignment before calibration
can be determined considering, in the misS map, no transformations applied to the accelerometer signal
(i.e., R = I) and the same IMU sensor-to-segment calibration matrix S. In this case, the misalignment
function holds:

misS(I) = ‖I ST − I‖2 = 0.214 (10)

While using the matrix R generated in the calibration procedure, we obtain:

misS(R) = ‖RST − I‖2 = 0.016 (11)

Which ensures that Ψ2 and Ψa2 are, in practice, aligned. Similar results were obtained for the
accelerometer alignment across the whole set of trials carried out in this work.

3. Fusion Algorithm

To estimate the knee flexion extension angle by fusing the information of the KPF goniometer and the
thigh and shank accelerometers, a dedicated Kalman filter was developed. The knee flexion-extension (θ)
was defined as the angle between the x unitary vectors of the reference frames of the hinge joint segments
(Ψ1 and Ψ2, defined in Figure 1b). The filter is used to correct the goniometer angular estimation
through a measurement update performed on the accelerometer data and exploiting the knowledge of
the joint kinematic constraints. As shown in Figure 4, the goniometer nominal calibration parameters,
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defined in Equation (3), are continuously updated according to the filter outputs. To efficiently correct
the goniometer output by means of the accelerometer information, the accelerometer reference frames
(Ψa1 and Ψa2, shown in Figure 1b) have to be aligned with the frames defined for the knee joint model
(Ψ1 and Ψ2), as reported in the accelerometer calibration procedure in the previous section.

ΔRk
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Figure 4. The goniometer/accelerometer fusion methods. The grey box represents the
Kalman filter in its error state or indirect form.

3.1. Estimation Procedure

At each time sample k, the a priori angular estimation θ̂−k is performed taking into account the
goniometer output and the a priori estimation of the calibration parameters (ĉ−1,k, ĉ−2,k):

θ̂−k = ĉ−1,k ∆Rk + ĉ−2,k (12)

The a priori estimation of the knee flexion-extension is then fed into the measurement update
stage, which introduces a correction by exploiting the thigh and shank accelerometer measurements
(ηacc1,k, ηacc2,k). In the current description, ηacc1,k and ηacc2,k represent the signals of the accelerometers
that have been aligned with the joint segment frames (Ψ1, Ψ2), as described in Section 2.2.

The Kalman filter developed within this study (see the gray box in Figure 4) is in the error state form
(or indirect form) [41,42] and operates on the error of the actual state. This method has been proven to
be a valid tool in the reconstruction of body kinematics with inertial sensors [43–45]. The filter employs
the state space representation reported in the following equations:

ξk+1 = A ξk + µ (13)

ζk = C ξk + ν (14)

where ξ is the state vector to be estimated, ζ the observation vector, A and C represent the state transition
and observation matrices and µ and ν are Gaussian processes and measurement noise (i.e., zero mean
white noise processes). The state vector (ξ) is defined as follows:

ξk = [δc1,k δc2,k]
T (15)
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where δc1,k and δc2,k are the calibration parameter errors that can be defined by the difference between
the true angle (θk) and the actual estimation (θ̂k):

θk − θ̂k = δθk = (c1,k − ĉ1,k) ∆Rk + (c2,k − ĉ2,k) = δc1,k1 ∆Rk + δc2,k (16)

In the initialization phase, ĉ−1,0 and ĉ−2,0 are assigned with the nominal calibration values defined in
Section 2.1. Then, at each time iteration, the filter processes the goniometer and the accelerometer
signals and performs the measurement update, the angle update and the time update.

In the measurement update, according to the Kalman filter theory [46], the a posteriori (i.e., corrected)
state and its covariance are calculated as follows:

ξ+
k = ξ−k + Kk (ζk −C ξ−k ) (17)

P+
k = P−

k −KkCP−
k (18)

Kk = P−
k CT

(
CP−

k CT + R
)−1

(19)

where Kk represents the Kalman gain, R the measurement uncertainty (expressed by the covariance
of the measurement noise ν) and minus and plus symbols indicate a priori and a posteriori
estimates, respectively.

In the angle update phase, the calibration parameters and the angular estimation are corrected taking
into account the measurement update results:

ĉ+
i,k = ĉ−i,k + δci,k (20)

θ̂+
k = θ̂−k + δθk = ĉ+

1,k ∆Rk + ĉ+
2,k (21)

According to the indirect formulation of the Kalman filter [44,45], in the time update, the error states
are set to zero, and the corresponding covariance is propagated through the state transition matrix (A)
and the process noise covariance (Q):

P−
k+1 = AP+

k AT + Q (22)

To define the process model, we simply supposed that the calibration parameter errors were random
walk processes, and consequently, the state transition matrix (A) was the identity matrix.

In the indirect formulation, the observation (ζ) is defined as the difference between measured and
estimated sensor input. Following [45], we constructed the observation vector on the assumption that, if
the two joint segments experience the same inertial acceleration, the difference between ηacc2,k and its
estimation η̂acc2,k can be expressed as:

ζk = ηacc2,k − η̂acc2,k = ηacc2,k − R̂21(θk) ηacc1,k (23)

where R̂21 is the estimation of the rotation matrix that describes the transformation from the upper
leg reference frame (Ψ1) to the lower leg reference frame (Ψ2). As reported in [45], Equation (23) is
valid if the rotational acceleration contribution is sufficiently small. This condition can be tested from
the difference in magnitude of the two accelerometer outputs, and the measurement covariance can be
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changed accordingly. Taking into account the constraints given by the hinge joint model, R̂21 can be
expressed as a function of the a priori angular estimation:

R̂21(θ−k ) =

 cos(θ̂−k ) sin(θ̂−k ) 0

− sin(θ̂−k ) cos(θ̂−k ) 0

0 0 1

 (24)

Finally, we obtained the observation matrix C by expressing ζk as a function of the state vector (ξk).
We started from the observation that the true rotation matrix can be expressed as a function of R̂21

and δθ:

R21 = R̂21 (I + δR) (25)

where δR is function of δθ = θ − θ̂ and, for small δθ, can be approximated as follows:

δR =

 cos(δθ)− 1 sin(δθ) 0

− sin(δθ) cos(δθ)− 1 0

0 0 0

 ≈
 0 δθ 0

−δθ 0 0

0 0 0

 (26)

Considering Equations (23) and (25), the observation vector can be written as:

ζk = R21 ηacc1,k − R̂21 ηacc1,k =

= R̂21 (I + δR) ηacc1,k − R̂21 ηacc1,k = δR ηacc1,k =

 0 δθ 0

−δθ 0 0

0 0 0

 ηacc1,k (27)

We then obtained the observation vector as a function of the state by taking into account
Equation (27) and substituting Equation (16) for δθ.

4. Results

In this section, the knee flexion extension angle estimated by the hybrid system, obtained by fusing
goniometer and accelerometer data as described in Section 3, is compared to the output of the reference
measurement system (knee flexion extension angle obtained by the IMUs). In addition, to highlight the
improvement of our fusion technique, a comparison between the reliability of our method (hybrid system
vs. IMUs) and the errors committed by the individual sensors is presented (i.e., accelerometers vs. IMUs
and textile goniometer vs. IMUs).

Figure 5 compares the results of our estimation technique and the reference measurement system in
two representative plots taken from the slow and fast monopodalic flexion trials (Figure 5a,b). Figure 6
shows the same comparison for representative plots of the four walking conditions ordered from the
slowest (Figure 6a) to the fastest (Figure 6d). As can be observed from Figures 5 and 6, our estimation
technique shows a reliable performance and a good capability to follow the knee movement, both in slow
and fast tasks.
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Figure 5. Dynamic comparison between our estimation technique and the reference
measurement during contralateral monopodalic standing tasks with different knee
flexion-extension velocities. The blue line represents our estimation, while the red line is
the reference measurement. (a) Slow knee flexion; (b) Fast knee flexion.

For the six trials considered (slow flexion, fast flexion and the four walking conditions with increasing
speed), we calculated the deviation between the estimation performed by the proposed technique applied
to the hybrid system (θhy) and the reference measurement (θr extracted from the IMUs) in terms of
root mean square error (RMSE). Likewise, we evaluated the RMSE of the KPF goniometer (θg) and
accelerometer (θa) estimations against the reference measurement system. The relations describing the
RMSE deviations are reported in the following equations:

RMSEi,j
m = ‖θi,jr − θi,jm ‖2 =

1

Ki,j

√√√√Ki,j∑
k=1

(
θi,jr (k)− θi,jm (k)

)2
(28)

RMSEi
m =

1

N

N∑
j=1

RMSEi,j
m (29)

where i represents the i-th trial (i = 1 slow flexion, i = 2 fast flexion, i = 3 the slowest walking, i = 6

the fastest walking), j denotes different subjects, N = 5 is the number of subjects, Ki,j is the number of
samples of the i-th trial for the j-th subject and the suffixm indicates the different measurement systems.
In particular, m = hy holds for the hybrid system, m = g for the goniometer, and m = acc refers to the
accelerometers. Data obtained from the statistic Equation (29) are reported in Table 1 with the average
value µ and the standard deviation σ computed over the six trials (last two columns of Table 1).
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(a) Walk No. 1 (the slowest)
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(b) Walk No. 2
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(c) Walk No. 3
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(d) Walk No. 4 (the fastest)

Figure 6. Dynamic comparison between our estimation technique and the reference
measurement during walking at different velocities. Velocities increase from (a) to (d). The
blue line represents our estimation, while the red line is the reference measurement.

Table 1. Root mean square errors (RMSEs) obtained in the six trials for the various
estimation methods. The first row (RMSEhy) reports the errors of the hybrid system by
applying the fusion technique described in this paper. The second and third rows show the
textile goniometer (RMSEg) and accelerometer (RMSEacc) errors. The last two columns
report the mean and standard deviation of the RMSE across the trials for the different
measurement systems.

Slow Flexion Fast Flexion Walking No. 1 Walking No. 2 Walking No. 3
Walking No. 4 Average Standard

(Slowest) (Fastest) Value µ Deviation σ

RMSEhy 0.97◦ 3.50◦ 1.07◦ 1.6◦ 2.1◦ 2.5◦ 1.96◦ 0.96◦

RMSEg 5.12◦ 4.60◦ 5.40◦ 4.6◦ 5.5◦ 5.7◦ 5.15◦ 0.47◦

RMSEacc 1.48◦ 10◦ 5.80◦ 6.7◦ 7.1◦ 8.2◦ 6.55◦ 2.87◦
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5. Discussion

Our hybrid system’s reliable performance is confirmed by the results reported in the first row of
Table 1. The mean and standard deviations of the RMSE are 1.96 and 0.96, respectively. The minimum
deviation was detected in the slow flexion trial (RMSE1

hy = 0.97◦), while the maximum error was in
the fast flexion experiment (RMSE2

hy = 3.5◦). The deviations in the walking tasks range from 1.07◦

for the slowest task to 2.5◦ for the fastest. The first row of Table 1 and Figures 5 and 6 highlight that
in the hybrid system, RMSE increases as the speed of movement increases. In addition, fast walking
trials show a lower error than fast flexion trials in monopodalic standing (as can be seen by comparing
Figures 5b and 6d and from the related RMSEs in Table 1). This is reinforced by the fact that the
maximum error was in the fast knee flexion-extension trial reported in Figure 5b. This issue can be
well explained by considering the estimation technique described in Section 3.1. Indeed, in the fast
flexion trial, performed at maximum velocity in the range [0–90◦], the rotational acceleration measured
by the shank accelerometer is far from being small with respect to gravity and translational contributions.
The smaller error in the walking trials may be explained considering that, during walking, even at
high speeds, the rotational acceleration is sufficiently small. A comparison with the current literature
reveals that joint angle measurements with commercial solid state electrogoniometers, widely used for
the ambulatory evaluation of the range of motion and movement frequency/velocity/acceleration of the
joints for both clinical and occupational evaluations [47,48], shows errors greater than two degrees, with
a strong dependence on the sensor positioning and on the cross-talk between joints [49]. The reduced
sensing systems, described in Section 1 [23,32–37] and based on two accelerometer/gyroscope pairs,
achieved average RMSEs in the range [2◦–7◦].

We performed a further analysis to quantify the improvement introduced by the sensor fusion
technique with respect to the single sensing subsystems (i.e., accelerometers and goniometer applied
individually without fusing the information). The RMSEs related to the goniometer estimation of the
knee flexion-extension angle are reported in the second row of Table 1. The mean and standard deviations
of the RMSE are 5.15◦ and 0.47◦ (in accordance with the results we obtained in a previous work on textile
goniometer angular measurement [29]). In addition, given how the KPF goniometer works, the RMSE
variability across the trials, performed at different velocities, is quite low. The accelerometer RMSEs are
reported in the third row of Table 1. The mean and standard deviation of the error hold 6.55◦ and 2.87◦,
and as expected, there is a strong dependence on the execution velocity of the trial (from 1.48◦ for the
slow flexion, to 10◦ for fast flexion). The last two columns of Table 1 highlight that the error introduced
by the hybrid system (µ = 1.96◦, σ = 0.96◦), evaluated in terms of RMSE, is considerably smaller than
both the average errors of the goniometer (µ = 5.15◦, σ = 0.47◦) and the mean of the accelerometers
(µ = 6.55◦, σ = 2.87◦). In addition, the error of the hybrid system is smaller than the goniometer
and accelerometer systems in each of the tasks considered. Figure 7 highlights the angle estimation vs.
the reference for the fusion method made on the hybrid system and the corresponding estimation made
with the goniometer and accelerometers individually (representative plots of monopodalic flexion and
walking tasks).

In the accelerometer signal, the errors are due to the acceleration spikes that are present when
changing movement direction and when interacting with the environment (e.g., when the foot hits the
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floor in walking) and, thus, justify the large mean RMSE and the related standard deviation. Conversely,
the goniometer signal is affected by errors due to the limitation introduced by the use of the nominal
calibration parameters and slight hysteresis, which produced the error reported in Table 1. In conclusion,
our fusion method compensates for these errors and consistently improves the accuracy of the estimation
with respect to the single sensing subsystems taken individually.
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Figure 7. Signal comparison between the angle reconstruction by the accelerometers
(green dotted line), the goniometer (black dotted line), the hybrid system (accelerometer +
goniometer, blue solid line) and the reference measurement. (a) Walking; (b) Fast flexion.

One limitation of the current study is that the hybrid system and the fusion technique were evaluated
against inertial measurement units. It is well known that the golden standard in biomechanics is
marker-based optical tracking. Optical motion capture systems based on external markers have been
extensively used in gait analysis and have shown, for the knee flexion-extension angle, RMSE deviations
in the order of 2◦ in comparison with bone fixed markers [50]. However, we decided to evaluate our
system with respect to the IMU reference, so that we would be able to track the subject’s activity in an
unconstrained environment (free walking tasks whose duration was about 40 seconds). In any case, we
have now begun evaluating the hybrid system during the daily life activity of subjects where the IMU
reference represents the only valid option. On the other hand, as demonstrated in [15], the estimation of
the knee joint angle through the IMU-based system we used has shown reliable performance (errors in
the order of two degrees).

A second limitation, which we are currently addressing, is that only one degree of freedom can
be monitored per joint. We did not consider the rotation of the knee on the horizontal plane, since
KPF goniometers are not influenced by twisting. From [29], where the complete form of relationship
Equation 1 is reported in Taylor expansion form, it is possible to verify that there is no second order
derivative term and, consequently, that the goniometer output ∆R does not depend on its torsion. To
detect knee torsion, another goniometer is needed, which is placed in a crossed position, with one
extremity on the thigh and the other one on the shank. In our solution, the global curvature of the
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second goniometer is related to knee torsion. We are currently working on the modeling of this sensing
configuration and on the relative calibration strategy.

6. Conclusions

We have developed and conducted a preliminary evaluation of a new sensing concept aimed at
unobtrusive and ambulatory human motion monitoring that combines e-textile and accelerometer
sensors. Our hybrid system is based on textile goniometers and low cost accelerometers whose outputs
are fused through a Kalman-based algorithm specifically developed for this work. The fusion technique
continuously adjusts the goniometer electromechanical parameters using the information taken from the
triaxial accelerometers. The method was applied in the measurement of the flexion-extension angle of the
knee through the dedicated setup described in this paper. An important feature of the proposed method
is that the initial position and orientation of the accelerometer with respect to the joint segments are
unknown. Our calibration procedure aligns the accelerometer frames as required by the fusion technique.
This procedure is easy to perform and is compatible with the ambulatory context that we are targeting.
The estimation performance was compared to a reference measurement system during different motion
tasks (monopodalic knee flexion and walking activity at different velocities). Our method showed a
reliable performance and good capabilities in following dynamic knee movements (mean and standard
deviation of the RMSE equal to 1.96 and 0.96 degrees). In addition, the method showed a notable
improvement in the angle reconstruction compared to the estimations derived from the goniometer
(RMSE: µ = 5.15◦, σ = 0.47◦) and the accelerometers (RMSE: µ = 6.55◦, σ = 2.87◦) considered
separately. The next step in this research will be the generalization of the method to the monitoring of
multi-degree of freedom joints.

Acknowledgments

This research has been supported by the EU 7th framework project INTERACTION
(FP7-ICT-2011-7-287351).

Author Contributions

Alessandro Tognetti and Federico Lorussi developed and implemented the algorithms.
Nicola Carbonaro performed the experimental sessions. Alessandro Tognetti, Federico Lorussi and
Nicola Carbonaro carried out the data analysis. Alessandro Tognetti and Federico Lorussi drafted the
paper. Nicola Carbonaro and Danilo De Rossi revised the manuscript.

Conflicts of Interest

The authors declare no conflict of interest.

References

1. Veltink, P.H.; Rossi, D.D. Wearable technology for biomechanics: E-Textile or micromechanical
sensors. IEEE Eng. Med. Biol. Mag. 2010, 29, 37–43.



Sensors 2015, 15 28453

2. Interaction. Available online: http://cordis.europa.eu/project/rcn/100699_en.html (accessed on
6 November 2015).

3. Tognetti, A.; Lorussi, F.; Carbonaro, N.; De Rossi, D.; De Toma, G.; Mancuso, C.; Paradiso, R.;
Luinge, H.; Reenalda, J.; Droog, E.; et al. Daily-life monitoring of stroke survivors motor
performance: The interaction sensing system. In Proceedings of the 2014 36th Annual International
Conference of the IEEE, Chicago, IL, US, 26–30 August 2014.

4. Zhu, R.; Zhou, Z. A real-time articulated human motion tracking using tri-axis inertial/magnetic
sensors package. IEEE Trans. Neural Syst. Rehabil. Eng. 2004, 12, 295–302.

5. Roetenberg, D.; Luinge, H.J.; Baten, C.; Veltink, P.H. Compensation of magnetic disturbances
improves inertial and magnetic sensing of human body segment orientation. IEEE Trans. Neural
Syst. Rehabil. Eng. 2005, 13, 395–405.

6. Picerno, P.; Cereatti, A.; Cappozzo, A. Joint kinematics estimate using wearable inertial and
magnetic sensing modules. Gait Posture 2008, 28, 588–595.

7. Sabatini, A.M. Estimating three-dimensional orientation of human body parts by inertial/magnetic
sensing. Sensors 2011, 11, 1489–1525.

8. O’Donovan, K.J.; Kamnik, R.; O’Keeffe, D.T.; Lyons, G.M. An inertial and magnetic sensor based
technique for joint angle measurement. J. Biomech. 2007, 40, 2604–2611.

9. Savage, P.G. Strapdown inertial navigation integration algorithm design part 1: Attitude algorithms.
J. Guid. Control Dyn. 1998, 21, 19–28.

10. Luinge, H.J.; Veltink, P.H.; Baten, C.T. Ambulatory measurement of arm orientation. J. Biomech.
2007, 40, 78–85.

11. Roetenberg, D.; Slycke, P.J.; Veltink, P.H. Ambulatory position and orientation tracking fusing
magnetic and inertial sensing. IEEE Trans. Biomed. Eng. 2007, 54, 883–890.

12. Yuan, Q.; Chen, I.M. Human velocity and dynamic behavior tracking method for inertial capture
system. Sens. Actuators A Phys. 2012, 183, 123–131.

13. Xsens. Available online: www.xsens.com/en/general/mtw (accessed on 6 November 2015).
14. Roetenberg, D.; Luinge, H.; Slycke, P. XSens MVN: Full 6DOF Human Motion

Tracking Using Miniature Inertial Sensors. Available online: www.xsens.com/
wp-content/uploads/2013/12/MVN_white_paper1.pdf (accessed on 6 November 2015).

15. Zhang, J.T.; Novak, A.C.; Brouwer, B.; Li, Q. Concurrent validation of XSens MVN measurement
of lower limb joint angular kinematics. Physiol. Meas. 2013, 34, N63.

16. Muro-de-la Herran, A.; Garcia-Zapirain, B.; Mendez-Zorrilla, A. Gait analysis methods: An
overview of wearable and non-wearable systems, highlighting clinical applications. Sensors 2014,
14, 3362–3394.

17. Liu, T.; Inoue, Y.; Shibata, K.; Shiojima, K.; Han, M. Triaxial joint moment estimation using a
wearable three-dimensional gait analysis system. Measurement 2014, 47, 125–129.

18. INSENCO. Available online: www.insenco-j.com. (accessed on 6 November 2015).
19. Tech Gihan. Available online: http://www.tecgihan.co.jp/english/p7.htm (accessed on 6

November 2015).
20. Luinge, H.J.; Veltink, P.H. Measuring orientation of human body segments using miniature

gyroscopes and accelerometers. Med. Biol. Eng. Comput. 2005, 43, 273–282.



Sensors 2015, 15 28454

21. De Vries, W.; Veeger, H.; Baten, C.; van der Helm, F. Magnetic distortion in motion labs,
implications for validating inertial magnetic sensors. Gait Posture 2009, 29, 535–541.

22. Bachmann, E.R.; Yun, X.; Brumfield, A. Limitations of attitude estimnation algorithms for
inertial/magnetic sensor modules. IEEE Robot. Autom. Mag. 2007, 14, 76–87.

23. Seel, T.; Raisch, J.; Schauer, T. IMU-based joint angle measurement for gait analysis. Sensors
2014, 14, 6891–6909.

24. De Rossi, D.; Carpi, F.; Lorussi, F.; Paradiso, R.; Scilingo, E.; Tognetti, A. Electroactive fabrics
and wearable man-machine interfaces. Wearable Electron. Photonics 2005, 4, 59–80.

25. Gibbs, P.T.; Asada, H.H. Wearable conductive fiber sensors for multi-axis human joint angle
measurements. J. NeuroEng. Rehabil. 2005, 2, 7.

26. Mattmann, C.; Clemens, F.; Tröster, G. Sensor for measuring strain in textile. Sensors 2008,
8, 3719–3732.

27. Gioberto, G.; Dunne, L. Theory and characterization of a top-thread coverstitched stretch sensor. In
Proceedings of the 2012 IEEE International Conference on Systems, Man, and Cybernetics (SMC),
Seoul, Korea, 14–17 October 2012.

28. Vanello, N.; Hartwig, V.; Tesconi, M.; Ricciardi, E.; Tognetti, A.; Zupone, G.; Gassert, R.;
Chapuis, D.; Sgambelluri, N.; Scilingo, E.P.; et al. Sensing glove for brain studies: design and
assessment of its compatibility for fMRI with a robust test. IEEE/ASME Trans. Mechatron. 2008,
13, 345–354.

29. Tognetti, A.; Lorussi, F.; Mura, G.D.; Carbonaro, N.; Pacelli, M.; Paradiso, R.; Rossi, D.D.
New generation of wearable goniometers for motion capture systems. J. Neuroeng. Rehabil.
2014, 11, 56.

30. Carbonaro, N.; Mura, G.D.; Lorussi, F.; Paradiso, R.; de Rossi, D.; Tognetti, A. Exploiting
wearable goniometer technology for motion sensing gloves. IEEE J. Biomed. Health Inform.
2014, 18, 1788–1795.

31. Dalle Mura, G.; Lorussi, F.; Tognetti, A.; Anania, G.; Carbonaro, N.; Pacelli, M.; Paradiso, R.;
de Rossi, D. Piezoresistive goniometer network for sensing gloves. In Proceedings of the XIII
Mediterranean Conference on Medical and Biological Engineering and Computing, Sevilla, Spain,
25–28 September 2013.

32. Dejnabadi, H.; Jolles, B.M.; Aminian, K. A new approach to accurate measurement of uniaxial
joint angles based on a combination of accelerometers and gyroscopes. IEEE Trans. Biomed. Eng.
2005, 52, 1478–1484.

33. Favre, J.; Jolles, B.; Aissaoui, R.; Aminian, K. Ambulatory measurement of 3D knee joint angle.
J. Biomech. 2008, 41, 1029–1035.

34. Liu, T.; Inoue, Y.; Shibata, K. Development of a wearable sensor system for quantitative gait
analysis. Measurement 2009, 42, 978–988.

35. Takeda, R.; Tadano, S.; Natorigawa, A.; Todoh, M.; Yoshinari, S. Gait posture estimation using
wearable acceleration and gyro sensors. J. Biomech. 2009, 42, 2486–2494.

36. Cooper, G.; Sheret, I.; McMillian, L.; Siliverdis, K.; Sha, N.; Hodgins, D.; Kenney, L.; Howard, D.
Inertial sensor-based knee flexion/extension angle estimation. J. Biomech. 2009, 42, 2678–2685.



Sensors 2015, 15 28455

37. Ferrari, A.; Cutti, A.G.; Garofalo, P.; Raggi, M.; Heijboer, M.; Cappello, A.; Davalli, A. First
in vivo assessment of Outwalk: A novel protocol for clinical gait analysis based on inertial and
magnetic sensors. Med. Biol. Eng. Comput. 2010, 48, 1–15.

38. Smartex srl. Available online: www.smartex.it (accessed on 6 November 2015).
39. Taccini, N.; Loriga, G.; Pacelli, M.; Paradiso, R. Wearable monitoring system for chronic

cardio-respiratory diseases. In Proceedings of the 30th Annual International Conference of the
IEEE Engineering in Medicine and Biology Society, Vancouver, BC, Canada, 20–25 August 2008.

40. Carbonaro, N.; Greco, A.; Anania, G.; Dalle Mura, G.; Tognetti, A.; Scilingo, E.P.;
de Rossi, D.; Lanata, A. Unobtrusive Physiological and Gesture Wearable Acquisition System:
A Preliminary Study on Behavioral and Emotional Correlations. In Proceedings of the First
International Conference on Global Health Challenges, Venezia, Italia, 21–26 October 2012.

41. Roumeliotis, S.; Sukhatme, G.; Bekey, G.A. Circumventing dynamic modeling: Evaluation of the
error-state kalman filter applied to mobile robot localization. In Proceedings of the 1999 IEEE
International Conference on Robotics and Automation, Detroit, MI, US, 10–15 May 1999.

42. Panich, S. Indirect kalman filter in mobile robot application. J. Math. Stat. 2010, 6, 381–384.
43. Luinge, H.J.; Veltink, P.H. Measuring orientation of human body segments using miniature

gyroscopes and accelerometers. Med. Biol. Eng. Comput. 2005, 43, 273–282.
44. Kortier, H.G.; Sluiter, V.I.; Roetenberg, D.; Veltink, P.H. Assessment of hand kinematics using

inertial and magnetic sensors. J. Neuroeng. Rehabil. 2014, 11, 70.
45. Kortier, H.; Antonsson, J.; Schepers, H.; Gustafsson, F.; Veltink, P. Hand pose estimation by fusion

of inertial and magnetic sensing aided by a permanent magnet. IEEE Trans. Neural Syst. Rehabil.
Eng. 2014, 23, 796–806.

46. Grewal, M.S.; Weill, L.R.; Andrews, A.P. Global Positioning Systems, Inertial Navigation, and
Integration; John Wiley & Sons: Hoboken, NJ, US, 2007.

47. Hansson, G.; Mikkelsen, S. Kinematic evaluation of occupational work. Adv. Occup.
Med. Rehabil. 1997, 3, 57–69.

48. Yen, T.Y.; Radwin, R.G. Comparison between using spectral analysis of electrogoniometer data and
observational analysis to quantify repetitive motion and ergonomic changes in cyclical industrial
work. Ergonomics 2000, 43, 106–132.

49. Johnson, P.W.; Jonsson, P.; Hagberg, M. Comparison of measurement accuracy between two
wrist goniometer systems during pronation and supination. J. Electromyogr. Kinesiol. 2002,
12, 413–420.

50. Reinschmidt, C.; van den Bogert, A.; Lundberg, A.; Nigg, B.; Murphy, N.; Stacoff, A.; Stano, A.
Tibiofemoral and tibiocalcaneal motion during walking: external vs. skeletal markers. Gait Posture
1997, 6, 98–109.

c© 2015 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article
distributed under the terms and conditions of the Creative Commons Attribution license
(http://creativecommons.org/licenses/by/4.0/).


	Introduction
	Experimental Setup
	KPF Goniometers
	Accelerometer Alignment

	Fusion Algorithm
	Estimation Procedure

	Results
	Discussion
	Conclusions

