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In recent years the development of human-machine inter-
faces for medical applications and rehabilitation medicine
has rapidly increased and still continues to grow [1]. The
main goals have been a novel in-patient and outpatient
diagnostics and improved quality of life, especially for the
people with neuromuscular impairments or diseases [2].
The research and development in this field require various
novel control algorithms and computational tools to extract
features from measured biosignals. Some recently developed
algorithms and tools may become part of the in-house
equipment for hospitals, while some advanced solutions for
home applicationsmay also enable telemedical services in the
recent future [3].

Before any computation or control of human activity
is possible, information on movement of body segments
is required. When information from natural sensors is not
accessible, external devices such as accelerometers and gyro-
scopes can provide sufficient information on gait, standing
up, balance, or specific motion of lower or upper extremities.
However, these sensors are prone to bias, integration, and
temperature drift and cannot provide sufficient accuracy
for closed-loop control. The use of various mathematical
tools, especially extended Kalman filter, can help to partly
overcome the specified problem and can assuremeasurement
of selected parameters up to the acceptable level of accuracy
[4]. Besides the Kalman filter alternative feature extraction
algorithms like discrete Fourier transform, dynamic time
warping, or harmonic linear dynamical system are applied

[5]. In this special issue we publish an example of electrocar-
diogram feature extraction.

The accurate and reliable sensory information is a pre-
requisite for the design of a closed-loop control system,
especially when a human is in interaction with the machine
in terms of “feeling the environment” or haptics [6].Theword
haptic originates from the Greek word haptikos (ἅ𝜋𝜏𝜄𝜅ó𝜍)
and is related to the sense of touch. This is nowadays partic-
ularly important in rehabilitation of patients suffering from
stroke. In combination with virtual reality technologies, an
upper extremity, and balance, grasping of hand rehabilitation
devices can be designed [6]. The haptic robots serving for
various rehabilitation purposes are usually complex and
intended for the use in clinical environment. However,
their simplified passive versions or simple rehabilitation aids
equipped with inertial sensory systems are already part of the
telerehabilitation systems in function in patients’ homes [3]
or smart homes.These premises are often well equipped with
information-communication technologies and the patients
can take full advantage of remote treatment and testing of
various novel technologies which may lead to the significant
improvement of quality of life [7]. On the other hand, a tech-
nological progress, novel computation, and control meth-
ods that enable new approaches in rehabilitation medicine
require constant clinical evaluation in order to find its way
to the everyday clinical practice [8].

We hope the readers of the Journal of Computational and
Mathematical Methods in Medicine will find in this special
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issue solid theoretical and technological solutions as well
as their possible applications in the rehabilitation medicine.
However, we would like to encourage the readers to raise new
research questions and issues which will significantly con-
tribute to the development and rapid uptake of technologies
in rehabilitation medicine.

Imre Cikajlo
Takashi Watanabe
Strahinja Dosen
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Unsupervisedmining of electrocardiography (ECG) time series is a crucial task in biomedical applications. To have efficiency of the
clustering results, the prominent features extracted frompreprocessing analysis onmultiple ECG time series need to be investigated.
In this paper, a Harmonic Linear Dynamical System is applied to discover vital prominent features via mining the evolving hidden
dynamics and correlations in ECG time series. The discovery of the comprehensible and interpretable features of the proposed
feature extractionmethodology effectively represents the accuracy and the reliability of clustering results. Particularly, the empirical
evaluation results of the proposed method demonstrate the improved performance of clustering compared to the previous main
stream feature extraction approaches for ECG time series clustering tasks. Furthermore, the experimental results on real-world
datasets show scalability with linear computation time to the duration of the time series.

1. Introduction

Clustering multiple time series data have received consider-
able attention in recent years in various applications, such
as industries of finance, business, science domains, and
medicine [1–8]. Clustering in time series is the unsupervised
mining of grouping similar time series into a same cluster.
Specifically, clustering finds groups of homogenous patterns
into a cluster so that these patterns within the cluster bear
strong similarity to other ones and dissimilarity to patterns
in other clusters [9, 10].

Since the quality of clustering results relies strongly on
good features extracted from multiple time series, a very
important processing step is to identify compact features
extracted from multiple coevolving time series. This step can
be used to not only convert a series of original values to more
meaningful information, such as more understandable and
interpretable information, but it also can lead time series to a
lower dimensionality with the most relevant features.

This paper is motivated bymining these essential features
of the medicine applications, namely, electrocardiography
(ECG) time series. The problems are studied based on the

challenges across time series applications such as time shifts
effects, nearby frequencies, and harmonics. By exploiting the
temporal evolving trends and the correlation characteristics
of coevolving time series, meaningful features which help to
achieve the best clustering accuracy can be captured.

Feature extraction can efficiently describe time series
since suitable representations reduce the feature spaces. This
provides highly efficient features for knowledge discovery so
that they help to improve performance as well as the speed of
the mining algorithms.

Many time series representations have been proposed
to extract features. The well-known dimension reduction
approaches, namely, Principal Component Analysis (PCA)
and Singular Value Decomposition (SVD), are powerful tools
to discover linear correlations across multiple time series [11–
15].They effectively give the optimal low-rank approximation
of the dataset by removing the variables with lower energy
[14]. However, these methods ignore time-evolving patterns
since their characteristics are not designed for tracking the
ordering of the rows or the columns.Moreover, the projection
of the multiple time series into low-dimensional principal
components is not easy to interpret. They do not clearly

Hindawi Publishing Corporation
Computational and Mathematical Methods in Medicine
Volume 2014, Article ID 761536, 8 pages
http://dx.doi.org/10.1155/2014/761536

http://dx.doi.org/10.1155/2014/761536


2 Computational and Mathematical Methods in Medicine

exhibit the characteristic of each pattern. As a result, applying
clustering methodology with these reduction methods to
multiple time series leads to poor performance.

One of the popular alternative approaches for feature
extraction on multiple time series is Discrete Fourier Trans-
form (DFT), where the original time series data is projected
into the frequency domain [16–18]. The main advantage of
DFT is to capture frequencies in a single time sequence.
However, DFT lacks the dynamics; hence, clustering based on
Fourier coefficients is not unsuitable. Another method based
on Linear Predictive Coding Cepstrum (LPCC) which also
provides distinguished features in time series is well known
in signal recognition [8, 19, 20]. It is efficient for clustering
performance by means of a few coefficients. However, the
representations of achieved LPC cepstrum features are hard
to interpret.

The Linear Dynamical System, known as Kalman filters,
has been commonly used for time series analysis because of
its simple implementation and extensibility [21–23]. Kalman
filter can capture correlations amongmultiple time series and
learn their evolving dynamics. However, the time shift effects,
which are temporal gaps between two time series, cannot be
handled.The representations of the extracted features are not
also clear. The resulting model parameters thus lead to poor
clustering performance.

Another popular feature extraction method, known as
Dynamic Time Warping (DTW), can handle time shifts
across the sequences. However, this approach ignores tem-
poral dynamics. Therefore, applying DTW directly for clus-
tering purpose cannot give good results [24].

Autoregression Moving Average (ARMA) is also a
method for feature extraction. However, ARMA parameters
do not provide a reliable method since different sets of
parameters can be obtained even from time series with
similar structures. As a result, the clustering performances
will be affected dramatically [25, 26].

In this paper, we applied an approach of prominent
feature extraction based on a Harmonic Linear Dynamical
System (HLDS) [21] for unsupervised learning of time series
in biomedical applications, specifically in ECG. Since the
applications have characteristics of lag correlation and tem-
poral dynamics, HLDS works well for the prominent feature
extraction of the time series in the same period with different
lags and light amplitudes. In addition, HLDS is expected to
identify periodic patterns and group them into one cluster.
These series of frequencies are known as harmonic series
which contain several mixtures of frequencies, especially in
sensor measurements, such as in human voice and in human
motion domain [23, 27].

Our prime objective is to exploit two common char-
acteristics of multiple coevolving time series: correlations
and temporal dynamics for meaningful feature extraction.
Correlation reflects the relationships among multiple time
sequences, while dynamic property discovers the temporal
moving trends of multiple time series by automatically
identifying a few hidden variables. For example, a particular
medical signal of physiological records in ECG application
characterizes a specific symptom of a patient such as a
malignant ventricular arrhythmia person. Therefore, each

time series differs from the others in dynamics since time
series encodes temporal dynamics along the time ticks. By
capturing correlations, we can achieve good interpretable
features in the presence of time shift effects and small shift in
frequency. By exploiting the evolving temporal components,
we can find the clusters of time series by grouping them with
similar temporal patterns.

In order to evaluate the effectiveness of the applied
method considering clustering accuracy, reliability, and com-
plexity aspects, this paper demonstrates the clustering results
of ECG time series using k-means algorithm. The method
we applied discovers useful and understandable features from
time series for clustering purposes. Moreover, its computa-
tional time scales up to the duration of the time sequences.
We demonstrate comparative study to assess the performance
of the proposed method against previous feature extraction
algorithms such as PCA [11, 12], DFT [17, 18], original Kalman
filter [22, 23], and LPCC [19, 20].

The rest of the paper is organized as follows. Background
of the underlying Linear Dynamical System theory and the
proposed model setup are given in the upcoming Section 2.
In Section 3, the experimental time series dataset of ECGused
in this paper are illustrated and the empirical evaluations have
been conducted to assess effectiveness of the proposed feature
extraction method in clustering multiple time series. Finally,
we present our conclusions in Section 4.

2. Materials and Methods

2.1. Fundamentals of Linear Dynamical System. Multidimen-
sional time series dataset 𝑌 is an ordered sequence of data
points measured at equal time intervals, denoted by 𝑌 =

{𝑦
1
, 𝑦
2
, 𝑦
3
, . . . , 𝑦

𝑇
}, where each vector 𝑦

1
, 𝑦
2
, 𝑦
3
, . . . , 𝑦

𝑇
is

formed of 𝑀 observations recorded at time ticks 𝑡 = 1,
𝑡 = 2, . . . , 𝑡 = 𝑇, respectively. Time series collections can be
formed as the matrix below:

𝑌 =

[
[
[
[
[
[
[
[
[
[
[

[

𝑦
1

1
𝑦
2

1
. . . 𝑦
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. . . 𝑦
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𝑇
. . . 𝑦
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]
]
]
]
]
]
]
]
]
]
]

]

. (1)

In particular, each row vector includes all of the observa-
tions for one certain time tick which is an ordered sequence
of 𝑇 vectors each having dimensionality of𝑀. Each column
denotes the observations for one particular measurement,
which is an unordered collection of𝑀 one-dimensional time
series vector [1, 2].

Linear Dynamical System (LDS), known as Kalman filter,
has been used to model multidimensional time series data.
By taking the definition of time series above as a matrix
for a dynamical system, this means that multidimensional
time series data can be presented by a matrix 𝑌

𝑀×𝑇
of

the variables 𝑀 and observed time ticks 𝑇. LDS builds a
statistical model to represent the state of the hidden variables
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which are evolving to a linear transformation leading to
the observed numerical time sequences. LDS captures the
correlations among multiple signals by means of choosing
a proper number of hidden variables so that the model can
learn the dynamics of time series data [13, 14, 28]. LDS for a
multidimensional time sequence is modeled by the following
equations:

𝑧
1
= 𝜇
0
+ 𝜔
0 (2)

𝑧
𝑛+1

= 𝐴 ⋅ 𝑧
𝑛
+ 𝜔
𝑛 (3)

𝑦
𝑛
= 𝐶 ⋅ 𝑧

𝑛
+ 𝜀
𝑛
, (4)

where 𝜃 = {𝜇
0
, 𝑄
0
, 𝐴, 𝑄, 𝐶, 𝑅} is the set of parameters.

Vectors𝑦
𝑛
and 𝑧
𝑛
denote observed data sequences andhidden

variables at time 𝑛, respectively.𝜇
0
is an initial state for hidden

variables of the whole system.The transition dynamic matrix
𝐴 relates to the transition of the state from the current time
tick to the next time tick with noise {𝜔

𝑛
}. The matrix 𝐶 is the

observation projectionwith noise {𝜀
𝑛
} at each time 𝑡. All noise

𝜔
0
, 𝜔
𝑖
, and 𝜀

𝑖
(𝑖 = 1, . . . , 𝑇) are zero-mean and normally

distributed random variables with covariance matrices 𝑄
0
,

𝑄, and 𝑅, respectively [29]. The Expectation Maximization
(EM) algorithm is utilized to learn the component models
and estimate hidden variables [30]. In the model, each row of
output matrix 𝐶 corresponds to one sequence and, therefore,
can be used as features in clustering. However, the clustering
quality is not good since these features cannot provide high
interpretability excluding information of time shift. Time
shift effect or phase shift indicates that two time series have
the same frequency but different phase lags.

2.2. Proposed Feature ExtractionMethodology. In this section,
the proposed method for ECG dataset is set up to illustrate
how to exploit the interpretability of prominent features
extracted from multiple time series in order to improve the
clustering quality. Since each row of output transition matrix
𝐶 of the LDS model does not present distinct characteristic
of the corresponding series, we explore further expecting to
discover deeper hidden patterns for each sequence of LDS by
learning the straight forward transition matrix 𝐴 and output
projection matrix 𝐶.

First of all, the hidden dynamics are learned via Linear
Dynamical System (LDS), capturing the series of hidden
variables which are evolving according to the linear trans-
formation 𝐴; they are linearly transformed to the observed
numerical sequences [13, 28]. This implies that the series of
hidden variables, 𝑧

𝑛
, are evolving over time ticks with linear

transition matrix 𝐴. Also, the observed data sequences, 𝑦
𝑛
,

are generated from these series of hidden variables with a
linear output projection matrix 𝐶 [21].

Secondly, after achieving the hidden variables from the
LDS system, the canonical form of the hidden variables
is identified. However, these hidden variables are hard to
interpret since they are mixed in the observation sequences.
Therefore, we need tomake themcompact anduniquely iden-
tify. Equation (3) represents the hidden variables depending
on the eigenvalues of the transition matrix 𝐴 [21]. Those
eigenvalues can capture the amplitude and frequencies of the

underlying signals of hidden variableswhich are referred to as
harmonics. As a result, normalizing the transitionmatrix can
directly reveal the amplitude, frequency, and the mixtures of
the given set of sequences. Harmonic Linear Dynamical Sys-
tem (HLDS) uses eigendecomposition on transition matrix
𝐴 in order to find harmonics as well as the mixing weight
of harmonics. The eigendecomposition corresponds to the
diagonal matrix (Λ) of eigendynamics and eigenvector (𝑉) of
𝐴 as follows:

𝐴 = 𝑉Λ𝑉
∗
. (5)

In LDS, the output projectionmatrix𝐶 illustrates how the
hidden variables are translated into observation sequences
with linear combinations. Therefore, we need to compensate
𝐶matrix to achieve the harmonic mixing matrix 𝐶

ℎ
in order

to obtain the same observation sequences from eigendynam-
ics (Λ) as the transition matrix:

𝐶
ℎ
= 𝐶 ⋅ 𝑉. (6)

The canonical hidden variables will be

𝜇
new
0

= 𝑉
∗
⋅ 𝜇
0
,

𝑧
new
𝑛

= 𝑉
∗
⋅ 𝑧
𝑛
.

(7)

𝑉 contains conjugate pairs of columns corresponding to the
conjugate pairs of eigenvalues in Λ. Therefore, the harmonic
mixing matrix 𝐶

ℎ
must contain conjugate pair of columns

corresponding to the conjugate pairs of the eigenvalues in Λ:

𝑧
new
𝑛

= Λ
𝑛−1

⋅ 𝜇
new
0

+ noise,

𝑦new = 𝐶
ℎ
⋅ Λ
𝑛−1

⋅ 𝜇
new
0

+ noise.
(8)

From the equation, we can obtain all hidden variables 𝑧
𝑛
,

canonical hidden variables 𝑧new
𝑛

, and observation 𝑦
𝑛
. They

are mixtures of a set of scaling such as growing, shrinking,
or stationary sinusoid signals of data-dependent frequencies
which are referred to as harmonics [21]. Their characteristics
of frequencies and amplitudes are completely defined by the
eigenvalues of the transition matrix 𝐴.

Thirdly, the harmonic mixing matrix 𝐶
ℎ
is calculated

in the second step. From here, the contribution of each
harmonic to the resulting observation sequences is found.
This means that each row of 𝐶

ℎ
represents the characteristic

of each sequence in the domain of the harmonics and thus,
it can be used to cluster sequences. However, the harmonic
mixing matrix will fail to group similar sequences with phase
shifts or time shifts because it tells not only the strength of
each eigen dynamic, but also encodes the required phases
for different sequences. To eliminate the phase/lag effect by
taking the magnitude of the harmonic mixing matrix 𝐶

ℎ
, we

will obtain the same column for the conjugate column of 𝐶
ℎ
.

By dropping these duplicated columns, we will obtain the
harmonic magnitude matrix 𝐶

𝑚
, which tells how strong each

harmonic base participates in the observation time sequences
and solves lag challenge as well.

Lastly, in order to obtain the interpreted features for each
sequence, we apply the dimension reduction approach with



4 Computational and Mathematical Methods in Medicine

Proposed method: colormap of extracted features

1st extracted feature 2nd extracted feature

1
3
5
7
9

11
13
15
17
19
21
23
25
27
29
31
33
35

(a)

LPC cepstrum: colormap of extracted features
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Kalman filter: colormap of extracted features
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Figure 1: The first two extracted features of algorithms on EEG dataset.

SVD on the harmonic magnitude matrix, 𝐶
𝑚
≈ 𝑈
𝑘
⋅ 𝑆
𝑘
⋅ 𝑉
𝑇

𝑘
,

where 𝐶
𝑚
is the column centered from 𝐶

𝑚
, 𝑈
𝑘
and 𝑉

𝑘
are

orthogonal matrices with 𝑘 columns, and 𝑆
𝑘
is a diagonal

matrix. The interpretability of the prominent features can
be obtained as 𝑈

𝑘
⋅ 𝑆
𝑘
. For the proper number of hidden

dimension ℎ in our ECG application, we use Fukunaka’s
principle rule [15, 21]. We choose ℎ as the one with the 98th
percentile of the total sum of squared singular values with
si’s being the singular values of 𝑌 in descending order. The
formula is as follows:

ℎ ← arg
ℎ

∑
ℎ

𝑗=1
𝑠
2

𝑗

∑
𝑚

𝑖=1
𝑠
2

𝑖

. (9)

In summary, HLDS includes four steps: (1) learning
hidden variables using LDS, (2) taking eigendecomposition
on transition matrix 𝐴 to find the canonical form of hidden
variables, which helps to find harmonics and mixing weight
of harmonics, (3) taking the magnitude of the harmonic
mixing matrix to eliminate phase shift, and (4) using SVD to
combine harmonics.

3. Experimental Results and Discussion

In order to show the validation of the clustering by HLDS,
we carry out experiments on real ECG dataset taken from
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Figure 2: Original samples of normal and malignant ventricular arrhythmia time series, respectively.
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Figure 3: The 17th and 32nd malignant ventricular arrhythmia patterns clustered to be wrong cluster.

PhysioNet http://www.physionet.org/physiobank/database/
[31, 32]. AHarmonic LinearDynamical System for the promi-
nent feature extraction of ECG application is investigated
successfully since the applications have the characteristics
of lag correlations and temporal dynamics. These extracted
features can group time series patterns in the same period
with different lags and light amplitudes. Moreover, the
applied method is expected to identify periodic patterns and
group them into one cluster. ECG dataset contains three
different groups of ECG time series: 13 time series of ECG
recordings of healthy people, 22 time series of people having
malignant ventricular arrhythmia, and 30 time series of
people having supraventricular arrhythmia, taken from the
following specific links:

(i) MIT-BIH Healthy/Normal Sinus Rhythm Database
http://www.physionet.org/physiobank/database/
nsrdb/;

(ii) MIT-BIH Malignant Ventricular Arrhythmia Data-
base http://www.physionet.
org/physiobank/database/vfdb/;

(iii) MIT-BIH Supraventricular Arrhythmia Database
http://www.physionet.org/physiobank/database/
svdb/.

There are two collections which are investigated. Col-
lection 1 contains a group of healthy people and malignant
ventricular arrhythmia while collection 2 is obtained by the
group of healthy and supraventricular arrhythmia people.
To evaluate the effectiveness of the feature extraction for
the clustering, both the quality and scalability of normalized
time series are considered against previous feature extrac-
tion approaches such as LPCC, PCA, DFT, and original
Kalman filter. Normalization is carried out to compensate
the differences in level and scale of dataset to a zero-mean
and unit variance. In the experiment, we use the first two
coefficients and cluster them by 𝑘-means algorithm with
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Figure 4: Scatter plot of clustering visualization.

Euclidean distance. For choosing the proper number of
hidden variables, we set 98% of energy in each original data
which is corresponding to the hidden dimension of 20 and 35
for collection 1 and collection 2, respectively.

To evaluate the quality of the clustering results, we use
the confusion matrix since we know the ground truth labels

of each sequence. The clustering performance of different
methods on collection 1 of real ECG time series is recorded
as follows: the proposed method (94.29%), LPCC (85.71%),
KF (42.9%), DFT (57.14%), and PCA (40%). Compared to
the previous feature extraction methods, the average perfor-
mance of applied HLDS on real ECG datasets demonstrates
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significant performances, that is, 9.1%, 54.5%, 39.39%, and
57.57% clustering improvement against the LPCC, original
Kalman filter, DFT, and PCA, respectively.

Since this method can discover deeper hidden patterns
which can capture correlation and temporal dynamics suc-
cessfully, it provides the group of distinct harmonics that
helps to handle the presence of the time shift effect with small
shifts in frequency. These harmonic groups represent good
resulting features which lead to good clustering as well as
visualization.

In more detail, Figure 1 shows the comparison of the
first two extracted features of ECG dataset by the proposed
method, LPCC, original Kalman filter, DFT, and PCA. In
each heat map of Figure 1, the rows represent the number
of sequences of dataset and the columns show the first two
features extracted from each method. Only the proposed
method clearly illustrates the characteristic of the two clus-
ters, normal andmalignant ventricular arrhythmia especially
in the 1st extracted features in Figure 1(a), where the rows have
similar feature values colored in orange and yellow, so that
they are grouped in the same cluster. On the other hand, the
four remaining methods, Figures 1(b), 1(c), 1(d), and 1(e), do
not show meaningful interpreted features.

The proposed method gives wrong clustering results for
the 17th and 32nd signals. Even though the 17th and 32nd
signals are malignant ventricular arrhythmia signals actually,
the shapes of these signals are very similar to the normal
case.Therefore, when applyingmethod, they discover similar
features as the normal cases; consequently, they are clustered
to the normal cluster.

To verify them, the 17th and 32nd time sequences of
Figure 1(a) are plotted in Figure 2 where the patterns of 17th
and 32nd from Figure 1 are in very similar shape compared to
the normal signal shown in Figure 3(a) where Figure 3(b) is a
sample signal of malignant ventricular arrhythmia case.

Figure 4 shows the scatter plots of the first feature and the
second feature from different methods for ECG clustering.
On the other hand, the first two of extracted features are
plotted to evaluate how much these features contribute to
ECG recognition. It is observed that the HLDS shows clear
separation of dots compared to the other approaches.

The proposed method again performs the best clustering
accuracy for collection 2 which consists of healthy and
supraventricular arrhythmia persons. The error rates for all
of experimental methods are shown as follows: proposed
method (0.139), LPCC (0.2326), KF (0.4419), PCA (0.3256),
and DFT (0.3953).

The computational complexity of the HLDS is shown in
Figure 5, executed on collection 1. It can be observed that wall
clock times lie on almost a straight line over the duration
of sequences since it would improve the scalability in ECG
dataset. The computation time of HLDS is satisfied when the
time duration 𝑇 of the time sequences is increased.

4. Conclusions

The proposed method, HLDS, considers the problem of
handling the challenges of time series, namely, time shift,
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Figure 5: Linear execution time with respect to the length of
sequences.

nearby frequencies, and harmonics. The applied method
demonstrates the efficiency for solving these challenges in
real applications of ECG time series domain. Interpretability
of prominent featureswas discovered for the clustering aswell
as visualization. In most cases, HLDS gives the best result
compared to the other feature extraction techniques such
as Kalman filter, LPC cepstrum, DFT, and PCA. Moreover,
the performance results show almost a linear speedup as we
increase the input of the dataset.

For further study, we will investigate the harmonic linear
dynamical system over much longer time series with missing
values in various applications.

Conflict of Interests

The authors declare that there is no conflict of interests
regarding the publication of this paper.

Acknowledgments

This research was supported by the MKE (The Ministry of
Knowledge Economy), Korea, under the ITRC (Information
TechnologyResearchCenter) support program supervised by
the NIPA (National IT Industry Promotion Agency) (NIPA-
2013-H0301-13-3005). This research was supported by Basic
Science Research Program through the National Research
Foundation of Korea (NRF) funded by the Ministry of
Education, Science and Technology (2013-052849).

References

[1] R. T. Olszewski, Generalized feature extraction for structural
pattern recognition in time series data [Ph.D. thesis], School of
Computer Science, Carnegie Mellon University, 2001.

[2] S. Papadimitriou andM. Vlachos,Hand on Time Series Analysis
with Matlab, ICDM, Hong Kong, 2006.

[3] H. S. Guan and Q. S. Jiang, “Cluster financial time series for
portfolio,” in Proceedings of the International Conference on



8 Computational and Mathematical Methods in Medicine

Wavelet Analysis and Pattern Recognition (ICWAPR ’07), pp.
851–856, November 2007.

[4] R. Krishnapuram, A. Joshi, O. Nasraoui, and L. Yi, “Low-
complexity fuzzy relational clustering algorithms for web min-
ing,” IEEE Transactions on Fuzzy Systems, vol. 9, no. 4, pp. 595–
607, 2001.

[5] X. Zhang, J. Liu, Y. Du, and T. Lv, “A novel clusteringmethod on
time series data,” Expert Systems with Applications, vol. 38, no.
9, pp. 11891–11900, 2011.
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Closing the control loop by providing somatosensory feedback to the user of a prosthesis is a well-known, long standing challenge in
the field of prosthetics. Various approaches have been investigated for feedback restoration, ranging from direct neural stimulation
to noninvasive sensory substitution methods. Although there are many studies presenting closed-loop systems, only a few of them
objectively evaluated the closed-loop performance, mostly using vibrotactile stimulation. Importantly, the conclusions about the
utility of the feedback were partly contradictory. The goal of the current study was to systematically investigate the capability of
human subjects to control grasping force in closed loop using electrotactile feedback. We have developed a realistic experimental
setup for virtual grasping, which operated in real time, included a set of real life objects, as well as a graphical and dynamical model
of the prosthesis. We have used the setup to test 10 healthy, able bodied subjects to investigate the role of training, feedback and
feedforward control, robustness of the closed loop, and the ability of the human subjects to generalize the control to previously
“unseen” objects. Overall, the outcomes of this study are very optimistic with regard to the benefits of feedback and reveal various,
practically relevant, aspects of closed-loop control.

1. Introduction

Human grasping is characterized by a remarkable flexibility.
Humans can easily grasp, lift, and manipulate objects of
very different properties (e.g., texture, weight, and stiffness).
Obviously, this process requires an advanced control of grasp-
ing forces, which is in human motor control implemented
through a blend of feedforward and feedbackmechanisms [1].
The former is well reflected in the paradigm of economical
grasping: humans use previous sensory-motor experience
to scale appropriately the grasping forces according to the
expected (estimated) weight of the target object. The goal
is to minimize the forces and thereby energy expenditure,
and yet avoid slipping. However, this specific mechanism and
also grasping as a whole can be significantly impaired when
somatosensory feedback pathways are not fully functional
due to a disease of the nervous system (e.g., multiple sclerosis
[2], deafferented patients [3]).

After an amputation of the hand, a prosthetic device can
be used as a functional andmorphological replacement of the
lost limb. To control the artificial limb, the intention of the
user can be inferred from the recorded activity of the user’s
muscles (myoelectric control). This method, which essen-
tially implements the feedforward pathway between the brain
and artificial limb, has been in routine use in commercially
available prostheses for decades [4, 5]. However, none of the
commercial systems provides any deliberate somatosensory
feedback to the user to close the control loop.

Providing somatosensory feedback is a well-known, long
standing challenge in the field of prosthetics. The researchers
have been investigating various approaches to provide feed-
back artificially, ranging from direct neural stimulation [6]
to noninvasive sensory substitution methods [7, 8]. In the
latter, the state of the prosthesis (e.g., joint angles or grasping
forces) is communicated to the user by stimulating the skin
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of the residual limb using mechanical (e.g., vibration motors
[9–11], pressure cuffs [12], and motor driven pushers [13]) or
electrical stimulation [14]. Closed-loop control of grasping
force was most commonly tested. This is not surprising since
an appropriate grasping force is necessary for safe lifting and
object handling and since this variable cannot be assessed
directly using vision (contrary to, for example, hand joint
angles).

Although there are many studies presenting closed-
loop systems, only a few of them objectively evaluated the
closed-loop performance, mostly using vibrotactile stimula-
tion. The conclusions of earlier studies are however partly
contradictory. Some found that the feedback improved the
performance [12, 13, 15], while others did not find a clear
advantage of the closed-loop control [11]. In some studies,
the feedback was beneficial only under certain conditions
(e.g., feedforward uncertainty [16] and experienced subjects
[17]).

In the case of electrical stimulation, systematic evaluation
is very scarce. Scott et al. [18] reported subject satisfaction
with the provided electrotactile feedback while Wang et
al. [19] stated that the users could differentiate appropriate
gripping force for a wide variety of different activities, but
in both cases the claims were not backed up with the
actual results. Lundborg et al. [20] evaluated two-channel
electrical stimulation feedback in four patients with sensory
impairments (recent median nerve repair) and a single user
of a myoelectric prosthesis. In all subjects, the performance
in force control during a force matching task was better when
using electrical stimulation with respect to the condition
with no tactile feedback. Only one level of force, selected
as comfortable by the subject before the test, was used
during the task. Zafar and Van Doren [21] tested a single
channel electrical stimulation feedback using a specialized
setup simulating grasping of a compliant object, thereby
allowing the subject to exploit visual cues for the force control
in parallel to the tactile feedback. It was found that the
supplemental feedback slightly improved the force control
even when additional visual cues were provided.

The goal of the current study was to systematically and
objectively investigate the capability of human subjects to
control grasping force in closed loop using electrotactile
feedback. We have developed a virtual setup that allowed
us to investigate different aspects of the closed-loop control.
The setup is also realistic in the sense that it operates in
real time and includes a set of real life objects, as well as a
graphical and dynamical model of the prosthesis. We have
used the setup to investigate the role of training, feedback
and feedforward control, robustness of the closed loop, and
the ability of the human subjects to generalize the control to
previously “unseen” objects.

2. Methods

2.1. Subjects. The experiment was carried out in the Biomed-
ical Engineering Lab at the Department for Systems, Signals
and Control, Faculty of Technical Sciences, University of
Novi Sad, Serbia. Ten healthy, able bodied volunteer subjects
(5 males and 5 females, 28 ± 3 years old) participated in

the experiment after signing the consent form which was
approved by the local ethical committee.

2.2. Experimental Setup. The experimental setup (see
Figure 1) comprised the following components: (1) single-
axis contactless joystick (CH Products, USA), (2) mechanical
pushbutton, (3) current-controlled multichannel stimulator
TremUNA (UNA systems, SRB), and (4) a standard desktop
computer (host PC) equipped with a data acquisition
card (PCI 6024, National Instruments, USA). The control
program for virtual grasping experiments was implemented
using Matlab 2012b and Simulink, Simulink 3D Animation,
and Real Time Windows Target toolboxes. The signals from
the joystick and the mechanical pushbutton were acquired
by the DAQ card and supplied as the control inputs to the
model of the prosthesis. The control loop operated in real
time at the sampling frequency of 100Hz. Based on the
grasping force generated by the prosthesis, the stimulation
unit provided the electrotactile feedback to the user. The
unit included eight stimulation channels in total but only
two were actually used in the current experiment. The
stimulation parameters were controlled in real time from the
host PC via a USB port, and the current pulses were delivered
by using self-adhesive concentric electrodes (CoDe 501500,
4 cm diameter, SpesMedica, IT).

The graphical user interface depicted a model of a simple,
single degree of freedom prosthetic hand (gripper) and the
object that was the target for grasping. The object was
positioned between the fingers of the prosthesis so that when
the hand closed, it grasped the object. In some experimen-
tal conditions, visual force feedback was also provided to
the subject in the form of a bar graph (see Figure 1 and
Section 2.5). The virtual hand was controlled by the joystick
and it operated as a first order, velocity-controlled system (i.e.,
transfer function𝐺(𝑠) = 0.5/𝑠). Before the hand contacted the
object, the joystick inclination was proportional to the speed
of hand closing, whereas after the contact has been made,
the joystick inclination was proportional to the buildup rate
of the grasping force. This was similar to the “gated ramp
controller” that was also used in [16, 22]. The pushbutton
indicated the end of force control phase and the start of the
object lift-off phase (see Section 2.4).

Joystick was selected since it provided a stable feedfor-
ward interface. Using myoelectric control would have been
possible as well; however, in the current study the focus was
on the feedback interface and therefore the influence of the
other system components was minimized by assuming ideal
behaviors. The gated ramp controller was adopted since it
is similar to the control method actually used in one of the
commercially available hands (i-Limb from Touch Bionics
[4]) and also since this approach effectively “decoupled” the
position of the joystick from the amplitude of the grasping
force; if the force would be controlled proportionally as in
some other prosthesis (Sensor Hand Speed andMichelangelo
Hand from Otto Bock [5]), the subjects could easily estimate
the current force level directly from the joystick inclination
and without using electrotactile feedback information. In
addition to the possibility to “safely” conduct tests which
could be difficult to realize in real life (i.e., breaking objects),
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Figure 1: Experimental setup for closed-loop force control using electrotactile stimulation. The task for the subject was to generate an
appropriate force to lift the target object without breaking it. The command interface was joystick and a push button. The electrotactile
feedback was provided using a stimulation unit and concentric electrodes placed on the forearm of the subject. The control loop operated
in real time at the sampling frequency of 100Hz. The graphical interface for the subject included a model of the prosthesis, target object,
and a force bar showing the minimal, current, maximal and breaking force. The bar plot was used at the beginning of the training to teach
the subjects the task they should perform as well as the meaning of the electrotactile feedback. Otherwise, the visual force feedback was not
shown on the screen. For detailed explanation see Section 2.4.

an advantage of the virtual setup was that it provided very
controlled feedback and prevented incidental sources of
information which would be available if the users controlled
a real prosthesis (e.g., motor sound and vibrations).

2.3. Electrotactile Feedback. Electrotactile feedback was pro-
vided using two bipolar concentric electrodes placed on the
dorsal side of the subject forearm, approximately midway
between the elbow and wrist. The stimulation was delivered
in monopolar configuration: the inner fields were used as
the cathodes and the outer rings were connected together
as a common anode. The stimulation was monophasic com-
pensated; rectangular depolarizing pulse injecting charge to
activate cutaneous afferents and elicit tactile sensation was
followed by an exponential discharge waveform of opposite
polarity to remove the charge out of the tissue. The rate
of pulse delivery was constant and set to 100Hz. This
frequency was selected since pilot tests demonstrated that it
elicited a well-localized, continuous sensation (i.e., responses
to individual pulses fused together) resembling constant
pressure on the surface of the skin. The current amplitude
was also constant and set to 3mA, and the pulse width
was modulated within the dynamic range of the stimulation.
The latter was determined for each subject individually as
the interval between 1.2 ∗ ST and 0.8 ∗ PT, where ST and
PT are sensation and pain thresholds tested before the start
of the experiment. The thresholds were detected using the
method of limits [23]; that is, the pulse width was set to
minimal value (50 𝜇s) and then successively increased in
steps of 50𝜇s until the subject indicated that he/she felt the
stimulation (SP) or that the stimulation became painful (PT).
This procedure was repeated three times in succession, and

the average was used as the final value. The scaling factors
for ST and PT defining the dynamic range [1.2 ∗ ST, 0.8 ∗
PT] were adopted heuristically to assure that the minimal
stimulation within the dynamic range can be perceived by
the subject (pulse width > ST) while maximal stimulation
is still nonpainful (pulse width < PT). The stimulation was
proportional to the force; that is, normalized force (0-1)
was linearly mapped to the dynamic range. Stimulation
intensity was modulated by adjusting the pulse width since
this allowed a finer control of elicited sensations compared to
changing the current intensity (pilot tests).The two electrodes
delivered the same information, that is, the same force scaled
between the respective electrode thresholds as explained
above. This configuration was selected since the pilot tests
demonstrated that two electrodes provided better quality and
discriminability of sensation compared to the use of a single
electrode.

2.4. Virtual Grasping Task. At the beginning of the trial, a
graphical model of the object that was the target for grasping
was shown, positioned directly in front of the gripper and
in-between the fingers, as explained before. Each object was
characterized by two parameters: minimal grasping force
needed to successfully lift the object and maximal allowed
grasping force (“breaking” threshold). In total, 19 different
objects were used for the experiment (see Table 1). The limits
for each object (min/max force in Table 1) are expressed
as normalized force, where 1 corresponds to the maximal
force that the virtual prosthesis could produce. The force
limits were selected heuristically but the goal was to reflect
the reality as much as possible. The minimal force was
proportional to the weight of the object, and the maximal
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Table 1: Objects used in the tests.

Object number Object Normalized
min/max force Object number Object Normalized

min/max force
1 Egg 0.05/0.2 12 Wine glass empty 0.15/0.3
2 CD 0.05/0.2 13 Wine glass half full 0.28/0.4
3 Orange 0.2/0.4 14 Light bulb 0.05/0.2
4 Wine glass full 0.35/0.5 15 Brick small 0.45/0.6
5 Bottle half full 0.5/0.7 16 Hammer small 0.6/0.8
6 Hammer 0.75/0.97 17 Lighter 0.05/0.2
7 Stack of cards 0.08/0.25 18 Lemon 0.2/0.4
8 Cereal box small 0.15/0.3 19 Apple 0.2/0.4
9 Cereal box 0.3/0.5
10 Book thin 0.3/0.5
11 Brick 0.75/0.9

force was set to about 130% of the minimal force. The role
of the maximal force was to prohibit the subjects from
using excessively high forces to lift the objects, enforcing
the paradigm of economical grasping (i.e., minimizing grasp
forces while avoiding object slip [16]). Without this con-
straint, each object could have been securely grasped simply
by generating the maximum force. However, generating too
high grasping forces during the real life not only would
mean excessive energy expenditure and lower battery life (i.e.,
noneconomical prosthesis use) but could also damage or even
break the objects (e.g., a light bulb or an egg). Note that
it was not important for the force limits to strictly reflect
the reality, since the subjects anyway got the opportunity
to “learn” the objects before the performance was evaluated
(see Section 2.5). The goal was to give more general, absolute
(e.g., heavy or light) or relative (i.e., heavier/lighter than the
previous object), visual cues about the object weight.

The task for the subject was to grasp and lift the object
by generating force that was within the predefined limits
(target window), that is, enough to lift the object and yet
lower than the “breaking” force. The hand was initially fully
opened. The subject started hand closing by pushing on
the joystick. After the contact was detected, the joystick
controlled the grasping force, as explained before. At the same
time, the electrotactile feedback was activated. All the objects
were absolutely stiff (no deformation, i.e., static grasp) and
therefore the visual cues about the developed force were not
available. When the subject judged that the grip strength
was appropriate, he/she pressed the button to signal that
the hand should lift the object. If the force was above the
lower limit, the hand would successfully lift the object (task
successfully accomplished). Otherwise, if the force became
less than the lower limit anytime during the object lift-off, the
object would slip from the hand (task failed). Similarly, if the
grasping forcewent above the higher limit for the given object
anytime during the trial, the gripper would immediately “fall
through,” signaling that the object has been broken (task
failed). The steps within the trial are shown in Figure 2,
while Figure 3 depicts the relevant signals and prosthesis
behavior.

2.5. Experimental Protocol. The subjects were comfortably
seated in a chair in front of the table so that he/she was able
to operate the joystick and a pushbutton. The experimental
session comprised training and evaluation, and each phase
included several conditions which are described in sequel.
In total, the experiment lasted approximately 2.5 h. Before
starting, the experiment was explained to the subject, the
stimulation thresholds were determined, and the subject
was allowed to practice virtual grasping with one object for
approximately 5min (simultaneous electrotactile and visual
feedback). The goal was for the subject to familiarize with
the setup and the task, to accommodate to the sensation of
continuous stimulation, and also to learn the force coding
through electrotactile stimulation.

The training phase comprised the following conditions.

(i) TR-VIS-ELE: Training with Visual and Electrotactile Feed-
back. The subject performed virtual grasping trials with
five different target objects, while visual (force bar) and
electrotactile force feedback were simultaneously provided.
Due to visual feedback (see Figure 1), thiswas an easy task and
each object was grasped two times. The objects were selected
to span the full range of normalized weights (0-1), and they
were ordered and presented to the subjects according to their
weight, from light to heavy (i.e., see Table 1, objects 1, 2, 3, 4,
and 11). The goal of this step was for the subjects to become
familiar with a set of objects by learning their weights and
corresponding electrotactile sensations assisted by the full
visual feedback about force (force bar).

(ii) TR-ELE-1: Training with Electrotactile Feedback and
Known Objects. The same five objects as in TR-VIS-ELE
were presented again and in the same order, but this time
only the electrotactile force feedback was given. Each object
was presented repeatedly, until the subject accomplished the
grasping task successfully two times in a row or until the
maximum number of trials was exceeded (15 trials). After
grasping and lifting the object two times in succession, we
assumed that the subject learned to adjust the correct force for
that particular object by relying on the electrotactile feedback.
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(target window) for the given object.

Contact

0.8

0.6

0.4

0.2

0

−0.2

Dead zone

N
or

m
al

iz
ed

co
m

m
an

d 
in

pu
t

0 2 4 6 8 10 12 14

N
or

m
al

iz
ed

ap
er

tu
re

/fo
rc

e Force control
phase

Hand closing
phase

Time (s)

0 2 4 6 8 10 12 14

Time (s)

1

0.8

0.6

0.4

0.2

0

Virtual hand aperture
Virtual hand force

Joystick inclination

Figure 3: Control signals and prosthesis state variables recorded
during a representative trial. In the hand closing phase, the joystick
controls the hand aperture and after contacting the object, it controls
the grasping force. Initially the subject increased the force faster to
bring the signal in the vicinity of the target window. Afterwards, the
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(iii) TR-ELE-2: Training with Electrotactile Feedback and
“Unseen” Objects.The procedure was the same as in TR-ELE-
1 but this time a new set of five objects was used. Again,
the objects were selected to sample the full range of weights,
and they were presented to the subjects ordered according to
their weights (i.e., see Table 1, objects 7, 8, 10, 5, and 6). This
condition was compared to the previous one.The goal was to
evaluate if the subjects could generalize the principles learned
in TR-VIS-ELE andTR-ELE-1 to grasp a set of novel objects in

this condition using only electrotactile feedback (i.e., without
previously revealing the object weight through simultaneous
electrotactile and visual feedback).

The evaluation phase comprised the following conditions.

(i) TE-FDB: Closed-Loop Performance Test. Ten objects used
in TR-ELE-1 and TR-ELE-2 were presented to the subject,
each object twice in succession (20 trials in total). The goal
of this test was to determine the baseline closed-loop control
performance, that is, the performance of grasping ten objects
which were used during the training. This was the control
condition for all the other tests to follow.

(ii) TE-FWD: Feedforward Test (No Feedback).The procedure
was the same as in the previous test, but this time no force
feedback was provided. This condition was compared to
TE-FDB to test to what extent the subjects relied on the
feedback for the task accomplishment. Since the prosthesis
was modeled as an ideal integrator, the grasping task could
be accomplished without using the feedback. Instead, the
subjects could set the joystick in a certain position and count
the time needed for the force to increase to a desired value
(pure feedforward control). To further simplify the task for
the subjects, the hand was already in contact with the object
at the beginning of the trials in this condition (i.e., no need to
close the hand and visually confirm that the contact has been
made).

(iii) TE-FWD-ALT: Feedforward Test (No Feedback) with
Altered System Parameters. The procedure was as in the pre-
vious condition, but the prosthesis model 𝐺(𝑠) was changed
(i.e., integrator gain doubled, 𝐺(𝑠) = 1/𝑠), making the force
responding two times faster to the joystick command. The
goal was to test how robust was the feedforward control to the
change of the model parameters. Since there were two trials
per object and the set of objects was known, the assumption
was that the subjects could implicitly discover that the system
behavior has been changed, for example, by using the task
accomplishment or failure as the feedback to update the
control in the subsequent trials.
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Table 2: Objects used in TE-FDB-GEN.

Reference object Test object
Egg Light bulb
Egg Lighter
Orange Apple
Orange Lemon
Stack of cards Stack of cards × 2
Cereal box Cereal box small
Cereal box small Cereal box small × 2
CD CD × 5
CD CD × 4
Thin book Thin book × 3
Thin book Thin book × 2
Small hammer Small brick

(iv) TE-FDB-ALT: Closed-Loop Performance Test with Altered
System Parameters. The procedure was the same as in the
previous condition, but with the electrotactile feedback pro-
vided. If the subject used the feedback with the original
system, this test would show how robust closed-loop control
was with respect to a significant change in the system
behavior. If the subjects used feedforward control with the
original system, this test would show if closing the loop was
useful at least when there was a change in the system behavior
(uncertainty).

(v) TE-FDB-GEN: Closed-Loop Performance Test for Gener-
alization. In this test, objects were presented in pairs (see
Table 2). First, one object used in the previous conditions
was presented as a reference, and the grasping trials were
repeatedwith the same object until the taskwas accomplished
successfully. Then, a novel, test object was presented, where
this object was “derived” from the reference in several ways:
(1) similar weight as the reference, (2) a composite comprising
a stack of the reference objects (e.g., two reference objects
packed together), and (3) scaled version of the reference
(i.e., scaled up or down in volume with respect to the
reference). The first case was essentially a classical force
matching task [17] while in the two other cases the subjects
had to accomplish a “multiplication”/“division” in the space
of force/electrotactile sensations. The goal of this step was to
test the ability of the subject to solve the type of tasks that
we envision the users of the prosthesis could face during the
real life application of the device (i.e., grasping a novel object
that can be related through the user’s experience to a similar
object that was handled in the past).

Contrary to training conditions in which the objects were
presented ordered according to their weight (from lighter to
heavier), during all the evaluations the objects were presented
in the random order.

2.6. Data Analysis. Theperformance wasmeasured using the
following outcome measures.

(i) Average number of attempts (ANA):This performance
index was used to evaluate the training and it was

defined as the average number of grasping trials per
object before the subject “learned” to grasp the object,
that is, before the object was grasped successfully two
times in succession.

(ii) Success rate in task accomplishment (SR):As explained
before, if the subject successfully lifted the object
without object slipping or breaking, the trial was
deemed successful. Success rate was expressed in
percent.

(iii) Force error (FE): FE was calculated as the difference
between the minimal force to lift the given object
and the applied grasping force, but only considering
those trials in which the grasping force was not high
enough and the object thereby slipped from the grasp.
FE evaluated the average level of undershooting and it
was adopted as a more sensitive, continuous measure
of performance compared to SR, which had only a
binary outcome (success or failure).

(iv) Time to accomplish the task (TAT): This was the time
from the beginning and until the end of the trial
(success, slip, and break).

Data analysis was performed using custom functions written
in MATLAB 2012b (MathWorks, US). Statistical tests were
performed using STATISTICA 10 (StatSoft, US). Repeated
measures ANOVA with the experimental condition as the
within-subject factor was used for the group comparison
and Tukey’s honestly significant difference criterion for the
post hoc pairwise tests. The data were tested for sphericity
(Mauchly’s sphericity test). The threshold for the statistical
significance was set to 𝑃 < 0.05.

3. Results

The average sensation and pain thresholds were 120 ± 50 𝜇s
and 500 ± 50 𝜇s, respectively. Figure 4 shows a representative
result from the second and third training condition (TR-
ELE-1 and TR-ELE-2). It can be seen (Figure 4(a), third
object) that the subject was adjusting the force in the next
trial based on the outcome of the previous one, reaching
the target window in a few steps. In the case of light and
medium objects (e.g., object 3 in TR-ELE-1), these steps
were rather small, suggesting fine control, whereas for the
heavy object (e.g., object 5 in TR-ELE-1), the adjustments
were more crude, producing trial by trial oscillations above
and below the target window. Fewer trials were needed to
complete the training in TR-ELE-2. The summary results
of the training are given in Figure 5. The average number
of attempts (ANA) per object was similar in TR-ELE-2 and
TR-ELE-1 condition (Figure 5(a)), despite the fact that in
TR-ELE-2 the subjects faced a set of objects that were not
handled before using visual force feedback (as in TR-VIS-
ELE and TR-ELE-1). In addition, it seems that heavier objects
posed a challenge for the subjects in TR-ELE-1, while in
TR-ELE-2 the performance was similar across all objects
(i.e., no statistically significant differences between light and
heavy objects). The data for individual objects (Figure 5(b))
did not pass the sphericity test, and therefore ANOVA with
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Figure 4: Representative results of the training: (a) TR-ELE-1 and (b) TR-ELE-2. The horizontal lines are force limits, green circle is a
successful grasp and lift, blue circle denotes the trial in which the object slipped from the grasp (i.e., grasping force lower than the minimal
necessary force), and the red circle represents the trials in which the object was broken (i.e., grasping force crossed the upper limit).The trials
with the same object are grouped by a dashed line. From trial to trial, the subject adjusted the grasping force, eventually reaching the target
force window. The training was faster in TR-ELE-2.
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Figure 5: Overall training results (i.e., average number of attempts per object ± standard deviation): (a) across conditions and (b) across
objects. The training took similar number of trials in TR-ELE-2 (“unseen” objects) and TR-ELE-1 (previously “seen” objects). In addition, in
TR-ELE-2 the subjects learned how to handle heavy objects, which were particularly challenging in TR-ELE-1. Within each condition, the
objects in (b) are arranged by their weight ( ∗𝑃 < 0.05; ∗∗𝑃 < 0.01; ∗∗∗𝑃 < 0.001).

Greenhouse-Geisser correction was used in this case, and it
showed that there was a significant difference between the
objects (adjusted 𝑃 < 0.05).

Figure 6 illustrates the results from the four testing con-
ditions. For this particular subject, the success rate during the
closed-loop control was 70% (TE-FDB) and the performance

was similar even after the system behavior was significantly
changed (SR of 60% in TE-FDB-ALT).Without feedback, the
performancewas low (20% inTE-FWDand 15% inTE-FWD-
ALT). In the conditions with feedback, the subject was more
successful in hitting the target force window already in the
first trial (i.e., 7 out of 10 in TE-FDB versus 1 out of 10 in
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Figure 6: Representative results for the testing conditions: (a) TE-FDB, (b) TE-FWD, (c) TE-FWD-ALT, and (d) TE-FDB-ALT.Thehorizontal
lines are force limits, green circle is a successful grasp and lift, blue circle denotes the trial in which the object has slipped from the grasp (i.e.,
grasping force lower than the minimal necessary force), and the red circle represents the trials in which the object was broken (i.e., grasping
force crossed the upper limit). For each of the ten objects, there were two grasping trials in succession. The performance was much better
when the feedback was provided.

TE-FWD). Furthermore, if the first trial was unsuccessful,
the subject was better in correcting the mistake in the second
trial.Without feedback, the subject tried to correct aswell, but
he/she was not very precise, often first overshooting (break)
and then in the very next trial undershooting (slip) or vice
versa (e.g., see trials 13-14 and 15-16 in TE-FWD; Figure 6).

The characteristics of the human control in different
conditions can be seen from the force traces depicted in
Figure 7. Different subjects exhibited similar control strate-
gies in the same condition. When the subjects were provided
with electrotactile feedback, they would steadily increase the
force, but they would also modulate the rate of force increase
many times during the trial (several joystick adjustments).
Without feedback, the subjects would simply increase the
force at a constant rate by always keeping the joystick at one
selected inclination.

The overall results from the testing phase are given
in Figure 8. The average performance during closed-loop

control (Figures 8(a) and 8(b)) was 64 ± 18% for first
trials only and 72 ± 10% for first and second (correction)
trials together. During feedforward control, the success rate
dropped significantly: 30±15%and 41±13% in TE-FWDand
36 ± 21% and 36 ± 18% in TE-FWD-ALT, for the first trials
only and first and second trials together, respectively. When
the feedback was reactivated, the performance recovered to
a similar level as before, that is, 57 ± 13% (first trials) and
63 ± 11% (first and second trials) in TE-FDB-ALT, despite
the fact that the system behavior was in this case significantly
changed (Figures 8(a) and 8(b)). There is an indication that
during the closed-loop control the subjects tended to make
smaller force errors in the unsuccessful trials (Figure 8(c));
that is, in the failed trials in which object slipped from
the grasp, the generated forces were closer to the target
window if the subjects were provided with the electrotactile
force feedback. However, the differences were statistically
significant only between TE-FWD and TE-FDB-ALT. Finally,
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Figure 7: Representative examples of forces generated by different subjects (color profiles) grasping the same object in different testing
conditions: (a) and (b) for successful grasping and breaking during TE-FDB, respectively, and (c) and (d) for successful grasping and breaking
during TE-FWD, respectively. In both conditions, the subjects would steadily increase the force, but when the feedback was provided, they
would also adjust the rate of force increase many times during the trial (e.g., see corrections in (a)). The time is normalized to the duration of
the trial in order to emphasize the similarity in the shape of the force profiles for different subjects in the same condition.

when the feedback was delivered, the subjects were more
successful in using the outcome of the previous trial (slip
or break) to modify the force and correctly grasp the same
object from the second chance (83% and 64% versus 43% and
27% for the SR in corrections in Figure 8(d)). It can be noted
from the standard deviations that the results were variable
between the subjects. For example, the subject success rates
(Figure 8(b)) in the two conditions with feedback (TE-FDB
and TE-FDB-ALT) were in the ranges 55–90% and 55–85%,
respectively. Without feedback, the performance could be as
low as 20% in TE-FWD and 10% in TE-FWD-ALT, but it
could also reach up to 60 and 65% (best results), respectively.

The average time to accomplish the task (Figure 9) was
significantly longer during closed-loop control conditions,
that is, 16 ± 8 s and 14 ± 9 s for TE-FDB and TE-FDB-ALT
versus 12 ± 7 s and 7 ± 7 s for TE-FWD and TE-FWD-ALT.
There was a statistically significant difference also between
the two conditions in which the feedback was provided (TE-
FDB versus TE-FBD-ALT). This can be due to the fact that
the altered system responded faster, resulting in shorter trials.

Also with this system, the subjects were almost two times
faster without feedback than with feedback, suggesting the
lack of meaningful control in TE-FWD-ALT. Similar to the
success rates, note that there was a large variability between
the subjects also in the time that they used to accomplish the
task.

The results of TE-FDB-GEN test are given in Figure 10.
The test evaluated the ability of the human subjects to gen-
eralize the closed-loop control to an object that was similar
to a reference one (force matching task) or represented
a stacked/scaled version of the reference (see Table 2). In
the case of lighter objects, the subjects were very good in
generating grasping forces for the similar test and reference
objects and also in up-/downscaling of the force to reflect
the up-/downscaling of the reference object (success rate >
80%, except for one outlier). However, when the force that
the subjects had to generate increased (heavier objects), the
success rate decreased to around 50% for the normalized
forces of approximately 0.5 and to only 9% for the normalized
forces of 0.8.
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Figure 8: Overall results (mean ± standard deviation) in different testing conditions: (a) success rates (SR) from the first trials only, (b) SR
from the first and second (correction) trials together, (c) force errors (FE) in the trials in which the object slipped from the grasp, and (d) SR
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Figure 9: Average time to accomplish the task (ATA) (mean
± standard deviation) in different testing conditions. Providing
feedback increased the time to accomplish the task.

4. Discussion and Conclusions

In this study, we have developed a test system for the closed-
loop control of force based on electrotactile feedback. The
system operates in real time and integrates a setup for virtual
grasping using a dynamicmodel of a single degree of freedom
prosthetic hand.Wehave used this tool to investigate different
properties of closed-loop force control during grasping of a
set of daily life objects spanning a full range of normalized
weights (0-1).

There are only a limited number of studies evaluating
objectively the role and utility of closed-loop control in
prosthetics, especially regarding the electrotactile feedback.
Contrary to some other studies which showed no or limited
improvement during closed-loop force control [11, 16, 17], the
results in the current study are very optimistic with respect to
the benefits of feedback.

After training shortly with only 5 objects (TR-ELE-VIS
and TR-ELE-1) sampling the range of weights (from light to
heavy), the subjects understood the “meaning” of electro-
tactile feedback and learned how to scale the force (tactile
sensation) with the expected weight of the object. This first
step (i.e., a basic introduction) facilitated the future training
so that the subjects “learned” novel objects (TR-ELE-2,
Figure 5) using only electrotactile feedback at the same pace
as when they were learning objects assisted by both visual
and electrotactile force feedback (TR-VIS-ELE and TR-ELE-
1). Finally, after a short training which lasted less than 30min
in total, the subjects were able to grasp 10 objects of very
different weights (from an egg to a hammer) with a success
rate of 72% in total. As one of the future steps, it would be
interesting to evaluate the effect of a more extensive training
(longer time and/or more objects to grasp). As demonstrated
in different context (i.e., object manipulation rather than
grasping) and for vibrotactile feedback [24], the training is
very important for performance, even more than the actual
stimulation setup [25].



Computational and Mathematical Methods in Medicine 11

We have also shown that in this particular task the
feedback was truly instrumental for good performance. The
success rates dropped significantly with purely feedforward
control (Figure 8), and also as demonstrated by the force
profiles (Figure 7), the subjects used very different control
strategies with and without the feedback. The subjects relied
on the feedback both to adjust the force while grasping
an object and also to correct the control based on the
outcome of the previous trial. Both of thesemechanismswere
significantly less effective in the feedforward control. Finally,
the closed-loop control showed to be very robust with respect
to the change of system parameters. When the rate of change
of force was doubled, the performance did not significantly
change. There were no statistically significant differences in
any of the outcomemeasures between TE-FDB and TE-FDB-
ALT (Figure 8), except for the time to accomplish the task
(Figure 9). The feedback improved the performance but at
the expense of the longer time to accomplish the task due
to a more complex processing that had to be accomplished
by the subject. We have also demonstrated (Figure 10) that
closed-loop control could be successfully used to grasp not
only objects that were trained, but also novel objects that were
“derived” from the latter ones in nontrivial ways (stacking up
and scaling).

In some of the previous studies investigating the closed-
loop control using vibrotactile stimulation, the ineffective-
ness of the closed-loop control might be due to the actual
experimental task. In some studies, only two [16] or three
[10, 17] target force levels have been used. In Cipriani et
al. [11], many objects were tested but the subjects were
not instructed explicitly to follow the economical grasping
paradigm. Saunders and Vijayakumar [16] used a binary
switch as the controller and a single, constant rate of force
increase/decrease. It might be that in these cases it was easier
for the subjects to learn the task and system dynamics, after
which they could “switch” to mostly feedforward control. In
the current study, we have used more force levels and also
an analog control interface (joystick) with continuous system
dynamics (integrator). A greater variety and a relatively
brief training could have made the feedback information
essential for accomplishing the task. Note that this context
is similar to the one that a user of a prosthesis will face in
the real life (e.g., many different objects to handle). However,
the reliance on feedback likely depends strongly on the
provided training; it might be that, with a longer training, the
subjects would eventually switch to feedforward control. An
interesting outcome was that also in this study the subjects
could reach a success rate of around 40% by relying purely on
the feedforward control.

In the study by Meek et al. [13], the object to be grasped
had a constant weight and the breaking force has been
modified in different conditions. Similarly, Zafar and Van
Doren [21] used a single target force level and several values
for the width of the target force window. These studies have
therefore shown that feedback improves the precision when
reaching a single level of target force. In the current study,
however, we have demonstrated that the feedback improved
the performance when reaching a broad range of target force
levels. In a recent conference paper by Witteveen et al. [15]
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ordered according to the weight (from lighter to heavier). For the
small forces (lighter objects), the subjects were very successful in
both tasks.

a somewhat similar setup was used. However, vibrotactile
stimulation was investigated and dynamic behavior of the
prosthesis was not considered.

In general, the subjects were more successful when con-
trolling lower forces, that is, when handling lighter objects.
There might be two reasons for this.The first one is the linear
scaling of the pulse width that we have used for information
coding. It is well known that in general the intensity of the
sensory stimulus does not map linearly to the intensity of
perceived sensation [23]. For the higher pulses widths, larger
absolute steps have to be made in the pulse width to produce
a just noticeable difference in the elicited sensation [26].
We could have used a different scaling (e.g., power law or
exponential function [27]). However, there is no agreement
in the literature about the exact parameters of this mapping
[8, 28], and the goal in this initial study was to test what
can be done using the simplest approach. The second reason
for the difficulties in handling heavy objects could be the
habituation, which is more pronounced at higher intensities
[7, 8].While adjusting the force around the targetwindow, the
subjectsmight have lost the basic sensitivity in discriminating
the changes in the intensity of the electrotactile stimulation.
Importantly, most of the grasps in daily life are performed
with light to medium objects, and also fine force control is
mostly needed in the low tomedium ranges, since the heavier
objects are usually more robust. Nevertheless, the possibility
of losing the basic sensitivity in the perception of electro-
tactile stimulation due to nonlinear psychometric function
and/or habituation is an important problem. It affected
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the results in this study as described above and it therefore
needs to be resolved for the future experiments, especially
when considering the intended practical application. One
possible approach could be to use the intermittent stimula-
tion to decrease the habituation as successfully demonstrated
in [29]. Moreover, in addition to the aforementioned scaling
laws, differentmodulation schemes (e.g., simultaneous inten-
sity and frequency modulation) could be tested to increase
the discriminability of the stimulation [30].

Finally, in the next paragraphs, we point out certain
limitations of the current study. It was not our goal to capture
the full intricate complexity of the real life grasping task
in which there are numerous factors affecting the selected
grasping strategy, control, and progression. For example,
grasping strongly depends on the object properties (e.g.,
texture and stiffness) and geometry, hand-object interaction
(contact points), prosthesis features (e.g., nonideal dynamic
response), and the functional goals (e.g., strong, stable grip
versus fine manipulation). We implemented a virtual setup
including certain realistic features (e.g., real time operation
and set of real life objects) but we also assumed an ideal
feedforward interface (joystick), prosthesis dynamic response
(pure integrator), and contact dynamics (contact stability
depended only on the grasping force). These simplifications
were however intentional since the goal was to isolate a
specific aspect that was of most interest in the current
study: the general utility and characteristics of the elec-
trotactile feedback during closed-loop control of grasping
force. Importantly, some of the aforementioned, presently
disregarded factors can be accommodated by our virtual
grasping setup and investigated in the future experiments, as
explained later.

The experimental protocol and the results of the current
study can be discussed from the viewpoint of the common
mechanisms of human perceptual and motor learning [31].
Namely, the research in this field has demonstrated that a
rapid improvement in performance when an individual is
first exposed to a novel task is a general characteristic of
human learning both in motor and sensory domains. In the
context of the current study, the success that the subjects have
demonstrated during the tests evaluating the closed-loop
control (TE-FDB, TE-FDB-ALT, and TE-FDB-GEN) could
reflect this fast learning paradigm. Importantly, since the
task at hand was closed-loop control, the learning took place
in both domains simultaneously, integrating tactile feedback
withmotor commands (sensory-motor integration learning).
However, it is still unclear if the achieved performance is just
due to a normal, short term adaptation to the given sequence
of motor tasks, or it reflects a more robust sensory-motor
representation which could be stable over time (consolidated
memory) or in different scenarios (randomized tests). This
is an important question that needs to be addressed in the
future studies by, for example, repeating the tests in several
sessions over different days to assess the relevantmechanisms
(e.g., stabilization, between-session and generalization of
learning).

It is well known from the general psychometry [23]
that sensory perception is affected by many internal and
external factors (e.g., subject concentration) and that it can

be therefore very variable both within session and between
subjects. Since the performance in sensory processing is
instrumental for the execution of the closed-loop control
task, this could be a possible explanation for the variability
of the results (i.e., large standard deviations in Figures 8 and
9). Also related to this, the number of subjects in this study
was limited but sufficient to reach general conclusions (e.g.,
feedback versus feedforward) with statistical significance.
However, a larger pool of subjects needs to be tested in
order to assess with more confidence the actual baseline
performance values in each of the tested conditions.

The setup developed in this study is very general and
can be used to implement many different experimental
scenarios for testing of the closed-loop control. It relies
on modelling and virtual objects, which make it flexible,
while at the same time it provides a realistic behaviour
through real time performance. A more sophisticated and
realistic model of a prosthesis can be easily implemented
by changing few parameters of a Matlab Simulink block
(e.g., using an integrator with a lag element and a pure time
delay). Also, this is an ideal environment for testing how
different feedback variables (position, velocity, force, and
jerk) or modes of control (position or force control) affect the
closed-loop performance.The developed test bench therefore
provides a high flexibility in implementing real time closed-
loop control scenarios that could generate important insights
about the various aspects of artificial sensory feedback in
prosthetics. Importantly, one should keep in mind that these
experiments are still conducted in well-controlled conditions
and by using an abstraction (model) of reality and that
therefore the ultimate test of these results is an actual real
life assessment. We intend to use the insights from this
and similar virtual reality experiments as general guide-
lines for designing prototype systems, which will then be
evaluated in subjects (healthy and amputees) operating real
prosthesis to accomplish practical tasks (e.g., grasping real life
objects).
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Two approaches to the classification of different locomotor activities performed at various speeds are here presented and evaluated:
a maximum a posteriori (MAP) Bayes’ classification scheme and a Support Vector Machine (SVM) are applied on a 2D projection
of 16 features extracted from accelerometer data.The locomotor activities (level walking, stair climbing, and stair descending) were
recorded by an inertial sensor placed on the shank (preferred leg), performed in a natural indoor-outdoor scenario by 10 healthy
young adults (age 25–35 yrs.). From each segmented activity epoch, sixteen features were chosen in the frequency and time domain.
Dimension reduction was then performed through 2D Sammon’s mapping. An Artificial Neural Network (ANN) was trained to
mimic Sammon’s mapping on the whole dataset. In the Bayes’ approach, the two features were then fed to a Bayes’ classifier that
incorporates an update rule, while, in the SVM scheme, the ANN was considered as the kernel function of the classifier. Bayes’
approach performed slightly better than SVMonboth the training set (91.4% versus 90.7%) and the testing set (84.2% versus 76.0%),
favoring the proposed Bayes’ scheme as more suitable than the proposed SVM in distinguishing among the different monitored
activities.

1. Introduction

With the evolution of wireless communication technology, it
is now possible to use inertial sensors (Inertial Measurement
Units (IMU)) to gather and transmit over the air patterns
associated with different activities performed by people
moving in unconstrained environments [1]. IMUs allow to
collect kinematic data through miniaturized accelerometers
[2], gyroscopes [3], and possibly magnetometers [4].

Restricting the analysis to accelerometers, they are popu-
lar as fall detectors [5], as means to monitor physical activity
[6], and also as tools to classify among different motor
activities [7, 8].They have also been shown as good predictors
of the functional capacity in healthy adults [9] and elderly
people [10] and of the level of energy expenditure [11, 12].
In these specific regards, since the accuracy in the prediction
strongly depends on the kind of activity [13], classification of
activities is often necessary as a preliminary step for energy
expenditure estimation [14].

The utility of distinguishing between activities is also
apparent when, for long term monitoring, the wearable
device needs to transmit data in a compact way. Following
this perspective, the general communicationmodel of having
raw data to be sent continuously from the sensing devices
over the air, and let the receiving unit extract relevant
information from the data [15], may be a suboptimal solution.
If, instead, on-board processing is available, the processing
unit in each sensing unit may incorporate the function of
feature extraction and subsequent activity classification [16].
In order to do this, each sensing unit will incorporate three
successive functions: (1) the detection and windowing (or
segmentation) of each activity epoch, (2) the extraction of the
features from the windowed activity, and (3) the classification
of that epoch based on a specific scheme.

As far as the classification stage is concerned, while
the classification between postures is a relatively easy task
[17], in the case of dynamic activities (such as different
locomotion types), the classification task is more complex.
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This task is usually accomplished by using a multiplicity of
sensors, located in different body segments and able to record
the 3D components of acceleration for each segment [18].
Once an activity epoch has been detected and segmented,
features from different domains are then extracted from
these windowed data [19], and the classification is then
performed based on a combination or a subset of these
features [20]. Simple features to be extracted from windowed
data include energy or amplitude parameters [21], whilemore
complex approaches are based, for example, on dynamic
programming [22], wavelet coefficients [23], and decision
trees [24]. Other approaches may include particle swarm
optimization, a technique that has been successfully imple-
mented for classification and prediction in different research
areas [25, 26]. Multiple accelerometers are usually added in
order to improve the classification accuracy [24], even if the
burdensomeness associated with the increased setup time
and computational complexity makes this approach to be
sought only when the increase in accuracy is significant.

In the present paper, we will thus focus on the presen-
tation of a technique able to incorporate the functions herein
described, by specifically presenting twodifferent schemes for
classification, respectively, based on the use of the maximum
a posteriori approach and on a Support Vector Machine. The
general objective of this work is to evaluate these two schemes
in terms of their ability to distinguish among locomotor
activities by using a single sensor.

The paper is structured as follows: in the second section,
the structure of the two different classification schemes is
presented, after giving details on the experimental procedure
and providing information on the performance analysis that
has been set up for evaluation. Then, we will focus on the
results obtained in the experimental section, and the final
section draws the conclusions.

2. Methods

2.1. Experimental Setup and Data Collection. 10 healthy
young adults (age 25–35 years, 4 females) volunteered in
the study. They were requested to perform an 800m path
composed of different locomotor activities: walking level
and incline at different slopes, stair climbing, and stair
descending.They were allowed to choose their own preferred
speed with which they could complete the path; in some
randomly chosen sections of the path, they were requested
to increase or decrease their speed, according to a command
by the experimenter. In order to have the reference values, the
experimenter manually noted the activity sequences.

Data were collected through a custom-made wireless
inertial sensor unit placed on the shank of the subject’s pre-
ferred leg (see Figure 1); the unit is able to collect acceleration
and angular rate data, as it incorporates a triaxial accelerom-
eter (ADXL345, from Analog Devices, Inc.) and a triaxial
gyroscope (ITG-3200, from Invensense, Inc.), and it includes
a microcontroller (Atmega328 from Atmel Corporation) to
collect and sync data from the sensors, and then send them
wirelessly to a portable unit through a bluetooth transceiver
(WT12, from Bluegiga Technologies Ltd.). For the purposes
of this study, just the proximal-to-distal component of the

accelerometer sensor was used. Data were collected at a
sampling rate of 100 samples/s.

The overall data processing structure will be then detailed
in the following sections of the chapter. Figure 2 shows the
overall structure of the classification schemes.

2.2. Activity Detection and Feature Extraction. Upon digital
conversion, the acceleration data were first bandpass filtered
(2–20Hz, Butterworth 4th order), underwent the segmenta-
tion process, which consisted of an integration and threshold
technique [8] with first-guess threshold set at 0.35m/s, and
then were on-line adapted at 0.75 times the maximum value
of the detected activity integral (100ms window) at the
previous step. Once an activity is detected, a refractory period
was used (i.e., a time range when no new activities were to be
detected).The first-guess refractory period was set at 600ms,
and then updated on-line at 0.5 times the duration of the last
detected activity epoch. Fromeach of the segmented activities
(a walking stride or an epoch corresponding to a descending
or climbing step), the procedure for the extraction of features
was performed.

Sixteen different features were extracted from each
detected activity: in the time domain (see Figure 3), those
were: themaximumvalue (and its relative timingwith respect
to the start of the activity epoch, resp., (b) and (a) in Figure 3),
the minimum value (and its relative timing, (d) and (c)
resp.), the temporal distance between the maximum and the
minimum value (e), the number of zero-crossings (f), the
distance between two consecutive peaks (g), and the distance
between two consecutive valleys (h); the maximum value of
the time derivative of the epoch, and its minimum value, the
maximum value of its integral (as calculated along a 100ms
window), and its minimum value; in the frequency domain,
for each activity epoch, the temporal variation of its mean
frequencywas calculated, according to [27], and itsminimum
and maximum values, both in linear and logarithmic scale.

These 16 features were chosen in this way, as they were
able to represent data variability on a different population
sample performing similar activities [28].

2.3. Feature Reduction and Training Data Use. In order to
reduce the number of features (yet maintaining relevant
information), Sammon’s Mapping Function (SMF, [29]) was
applied to the 16-dimensional feature set, that was mapped
into a 2D output space. Nonlinear mapping was preferred to
other linear factorization methods, as it qualitatively showed
better results than PCA on a subsample of the training
dataset. Since the mapping procedure is a recursive one, and
the input-output relation cannot be determined analytically,
an Artificial Neural Network (Multilayer Perceptron, one
hidden layer with 40 neurons) was trained to mimic its
nonlinear behavior. ANNs are one of the possible choices to
solveMIMOproblems that cannot be determined analytically
[30, 31]. Out of the overall dataset that was used, 15% of
its feature data points were used for the training of the
ANN able to mimic the SMF behavior, with the same
procedure that was used in [28] and in [32]. This 15%
was randomly extracted from epochs of all the subjects, in
order to maximize the generalization ability of the system.
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Figure 2: Structure of the classification schemes. Where not specifically denoted, same labels for each stage correspond to the same
implementation.

The ANN was trained through Levenberg-Marquardt [33]
backpropagation, following the same procedure proposed
in [34], and the ANN was deemed as trained if the Mean
Square Error fell below 0.1%. This actually happened with
approximately 10000 iterations. Figure 4 shows the results
of the mapping estimation through the ANN: as expected,
ANN was able to accurately predict Sammon’s features in
the training dataset, thanks to its ability to adapt to different
mapping and approximation [35] problems, as shown, for
example, in [36, 37]. Cross correlation of the training set data,
between features coming from SMF and the ones estimated
through the ANN, resulted to be higher than 0.98.

2.4. Classifiers. Once the two features were estimated with
the ANN, the following stage consisted of classifying among
the different locomotor activities. In order to complete this,
two different classifiers were implemented: the first relies
on the representation of Bayes’ Theorem and estimates the
activity based on a maximum a posteriori (MAP) criterion,
and it will be called as MAP in the following; the second
makes use of the Support Vector Machines, and it will be
denoted as SVM in the following. The structure of both the
classifiers is detailed in the following subsections.

2.4.1. Maximum A Posteriori (MAP) Approach. According
to Bayes’ theorem, we will determine the estimated activity
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âct, based on the calculation of the conditional probabilities
associated with the different locomotor activities act

𝑖
, and the

current value of Sammon’s feature vector (2D) 𝑠, according to
the following equations:

𝑃 (act
𝑖
| 𝑠) = 𝑝 (𝑠 | act

𝑖
) ∗

𝑃 (act
𝑖
)

𝑝 (𝑠)

,

âct = arg max
𝑖∈𝐼

𝑃 (act
𝑖
| 𝑠) ,

(1)

where 𝐼 represents the domain of possible activities to be
classified.

In order for the MAP criterion to be utilized, we thus
need the conditional probabilities 𝑝(𝑠 | act

𝑖
) and the prior

probabilities 𝑃(act
𝑖
). The first ones were hypothesized as

coming from a 2D Gaussian probability density function,
with first- and second-order moments equal to the values
obtained from the training dataset. The prior probabilities
were hypothesized as equally distributed. In the current case,
this choice slightly underestimated the priors for walking
activities in the used set, but we chose this criterion, in
order for the classifier to be more general in classification
capabilities. The MAP classifier also incorporated an update
rule for the prior probabilities to be used in the current step,
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Table 1: Activity epochs for the dataset.

Activity Requested
slow speed

Self-selected
speed

Requested
fast speed Total

Walking 720 4265 463 5448
Stair climbing 322 2742 340 3404
Stair descending 296 2678 326 3300
Total 1338 9685 1129 12152

which was based on replacing, within a sample vector of 240
activity identifiers, the oldest sample for the classified activity
with the one classified at the previous step.

2.4.2. Support Vector Machine. In the case of the Support
VectorMachine, there was no kernel use, even if the transfor-
mation from the 16-dimensional space of the original features
into the 2D predicted Sammon’s features may be considered
as a kernel 𝑝𝑒𝑟𝑠𝑒, as it incorporated a nonlinear mapping to
be considered as a kernel trick, with themajor difference that,
in this case, the new space is low-dimensional as compared to
the original one.

With regard to the implementation, since we chose
a low-dimensional space for the SVM to be used, linear
classification was suboptimal, and we used a penalty coeffi-
cient to take into account misclassifications; concerning the
optimization, we used the Mitchell-Demyanov-Malozemov
(MDM) algorithm [38], with a regularization constant value
of 5. Given that three classes were to be used, multiclass
condition was solved by using the one versus one conditions,
with max-wins voting criterion.

2.5. Performance Indicators. In order to evaluate the per-
formance of both the classifying schemes, we calculated the
classification rate for both the training set and the testing
set. Confusion matrix and normalized mutual information
[39] were also reported for the testing set. With ten subjects
performing the requested walk path, a total of approximately
12000 activity epochswere collected. Table 1 shows the overall
number of activities as split among the different kinds and
speeds. It is here to be highlighted that speed was considered
as a confounding factor and not as a variable on which
classification was made. This is to mimic a natural scenario,
where differences in energy associated with each epoch can
be extracted directly on the data of each epoch, once the
classification is made.

3. Results

Classification rates for the training set and the testing set
are reported in Table 2. As expected, both classifiers perform
quite accurately in the training set, while there is a marked
difference between MAP and SVM in the case of the testing
set that favored the first as compared to the second.

Performance in the training set is almost independent
from the activity kind. Moreover, as reported in Table 3,
misclassification in the testing set more frequently occurs
between walking strides and strides of descending stairs.

Table 2: Classification results.

Training set SVM MAP
Walking (%) 90.4 91.8
Stair climbing (%) 91.3 90.9
Stair descending (%) 90.1 90.0
Testing set SVM MAP
Walking (%) 77.2 85.1
Stair climbing (%) 77.7 87.2
Stair descending (%) 74.2 81.3

4. Discussion and Conclusions

Classification rates for both schemes were, on average, good
on the training dataset. Misclassifications, which occurred
most frequently with walking and stair descending, may be
associated with the fact that the features extracted from these
two activities are on average more similar than the ones
coming from stair climbing (see Figure 3); this similarity
may be even more exacerbated in the transition activities
(initiating a stair climbing or descending after walking or vice
versa).

For the testing dataset, the maximum a posteriori
approach performed better than the SVM. We speculate
that, based on the results obtained in the training dataset,
the structure of the MAP approach implemented in this
paper has a higher generalization ability than the SVM in
classifying these activities, since it includes an adaptation that
updates the prior probabilities based on the history of the
classification. This has not been implemented in the SVM
approach, whichmay consequently have a decreased ability to
track differences in the extracted features as a consequence of
subjective and environmental factors (fatigue and variations
in speed).

As far as the overall performance is concerned, classifica-
tion rates are similar to those reported in [40] and in [18],
where different accelerometer configurations and features
were tested, with classification accuracies lying in the range
68%–97% for triaxial sensors. It is here to be highlighted
that the obtained classification rates have been based on the
use of just a single component of an accelerometer. This was
done in order to check whether on-board processing might
be considered as a viable alternative to continuous raw data
communication. It is predicted that, if multiple instances of
the same classification schemes may be adopted on multiple
sensors placed on different body segments, the portable unit
may produce better results, possibly based on a max-wins
voting criterion.

As for the current implementation, the structure is
relatively easy to be implemented on-board; the detection
and feature extraction section is relatively light in terms
of computational complexity (with only frequency features
slightly weighing in), and, once the training modules are
appropriately determined based on an adequate number of
subjects, running the classifying modules and determin-
ing the decisions is a pretty straightforward step for both
approaches: for MAP, it corresponds to running the ANN
predictor and calculating the posterior probabilities and for
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Table 3: Confusion matrix and Normalized Mutual Information (NMI) for the testing set.

Predicted SVM (NMI = 0.3550)
Activity Walking Stair climbing Stair descending

Actual
Walking (%) 77.2 8.1 14.6

Stair climbing (%) 10.2 77.7 12.1
Stair descending (%) 15.8 9.9 74.2

Predicted MAP (NMI = 0.5134)
Activity Walking Stair climbing Stair descending

Actual
Walking (%) 85.1 4.8 10.1

Stair climbing (%) 6.6 87.2 6.3
Stair descending (%) 12.8 5.8 81.3

SVM, it corresponds to running the ANN predictor and
then applying the hyperplane (in the current case of 2D
representation, a line) estimated through the SVM on the
training dataset.

In the future it would be useful to insert some update
rules in the SVM classification scheme, as it has been
done in the MAP approach, to let it take into account the
temporal variations of the accelerometer patterns in a long-
term scenario.

In conclusion, the availability of different classification
schemes that can be profitably applied to single sensor data
may help designing body sensor networks where the classifi-
cation may be done on-board in each node, so that the data
throughput can be substantially reduced, and the possibility
to have accurate parameters for long-termmonitoring can be
pursued.
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and P. Robert, “Ambulatory system for human motion analysis
using a kinematic sensor: monitoring of daily physical activity
in the elderly,” IEEE Transactions on Biomedical Engineering,
vol. 50, no. 6, pp. 711–723, 2003.
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Cycling is known to be an effective rehabilitation exercise for hemiplegic patients who face difficulty during walking because of
stroke or other brain disorders. A cycling wheelchair (CWC) is a useful tool to provide exercise for these patients and improve their
quality of life. In previous studies, our group developed a system that allows patients to safely practice driving a CWC in a virtual
environment. However, it has been difficult to check their motor performances and determine the effects of the exercise on a daily
basis. This study is an exploratory trial for developing a method to evaluate the motor performances of users based on their CWC
pedaling patterns. An experiment with some hemiplegic patients and healthy subjects was conducted and their pedaling patterns
were analyzed. Results showed a significant difference between the hemiplegic patients and healthy subjects in an index that reflects
pedaling balance between the feet. This result indicates a possible method of evaluating the motor performances of users based on
their pedaling patterns.

1. Introduction

Paralysis of the lower extremities can be caused by brain
disorders (stroke, brain damage, and degenerative disease),
neurologic diseases, or spinal cord injury. In general, patients
with severe impairment of the leg use wheelchairs to move
around in their daily lives. These patients generally never
use their feet while moving with wheelchairs because most
wheelchairs aremade to be operated either by the user’s hands
or an electric motor. However, human legs act as a pump for
carrying blood back to the heart [1]. Therefore, movement
of the feet caused by the calves and the legs of patients does
not occur for a long period of time, blood circulation in their
lower limbs is reduced, and the risk of disuse syndromes such
as muscle weakness and joint contractures is increased.

A cycling wheelchair (CWC) [2–5] is attracting attention
as a tool to solve this problem because it provides physical
exercise for hemiplegic patients. These individuals can move

around more quickly and travel longer distances without
fatigue using a CWC instead of a traditional wheelchair. In
addition, they can also use their hands while driving a CWC.
This encourages the patients to be independent and improves
their quality of life. And some previous studies have reported
the effectiveness of cycling for hemiplegic patients to improve
their motor functions [6–10]. These findings support the
possibility that a CWC is useful not only as a transportation
device but also as a rehabilitation system for these patients.

Feedback regarding the training effects on patients is
important to maintain their motivation for the rehabilitation.
In previous studies, existing indices such as the Fugl-Meyer
scale [11], the postural assessment scale for stroke patients
(PASS) [12], and step length during treadmill use were
used to show the effects of cycling. However, specialized
instruments and medical staff are required to obtain these
indices; therefore, it is difficult for patients to check their
motor performances on a daily basis. Furthermore, it is
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impossible to obtain information on the exercise on a real-
time basis.

In preceding studies, we developed a virtual reality (VR)
system, in which patients with motor dysfunction can safely
drive a CWCwithout requiring a large open space to practice
[13, 14]. This system allows us to measure user movements,
such as pedaling, with a high degree of accuracy under several
physical conditions. If motor performances and functions of
the users are estimated using only their pedaling patterns that
are characterized as changes in angular velocity or accelera-
tion of the pedal, it is possible to develop not only a household
testing system that checks the motor performances of the
users on a daily basis but also new types of rehabilitation
systems, for example, a system that automatically selects or
plans a rehabilitation program suitable for each user based
on their motor performances. In addition, it will be possible
to automatically collect a large amount of pedaling data from
several patients and to utilize the data for developing effective
rehabilitation training methods. The indices obtained in real
time will be useful for the development of a rehabilitation
system with a biofeedback mechanism [15–18].

The purpose of this study is to develop a new method for
assessing the motor performances of users by analyzing their
CWC pedaling patterns. In particular, we have proposed new
indices that are calculated based on the distribution of angu-
lar velocity of CWC pedals. We conducted an experiment to
measure the angular velocity of CWC pedals from groups of
patients and healthy subjects and discussed the differences in
the indices between these groups.

2. Methods

2.1. Measurement of Pedal Angle. Figure 1 shows the experi-
ment device used in this study. A CWC was fixed to a roller
unit of the VR system developed in the preceding study [14].
The minimum torque required to rotate the pedal of the
CWC was approximately 5.8 Nm in case of a user weighing
70 kg. Signals from a wireless acceleration sensor (WAA-
006, Wireless Technologies, Inc.) attached to the wheel axis
were recorded every 0.01 s and filtered through a low-pass
filter with a cut-off frequency of 3Hz. The pedal angle of the
CWC 𝜃 (rad) was estimated on the basis of the inclination of
the acceleration sensor as shown in Figure 2. The angle 𝜃 is
defined as zero when the right pedal is at the highest point in
a full revolution. The angular velocity of the pedal 𝜔 (rad/s)
was calculated as the difference 𝜃 in the values.

2.2. Analysis. The distribution of the angular velocity 𝜔 in
one revolution of a CWC pedal is graphically illustrated in
a cobweb chart (Figure 3). In this figure, the 𝜃-axis is set on
the circumference of the cobweb chart, and the 𝜔-axis is set
as an axis perpendicular to the 𝜃-axis. In general, healthy
persons rotate the pedal primarily with their right leg, when
𝜃 is from 0 to 𝜋 radian, hereinafter called right leg phase, and
they rotate the pedal with their left leg when 𝜃 is from 𝜋 to 2𝜋
radian, hereinafter called left leg phase.

Figure 4 shows examples of the 𝜔 distributions obtained
from (a) a healthy subject and (b) a hemiplegic patient driving

Wireless

Cycling wheel chair

Roller unit

sensor
acceleration

Figure 1: A cycling wheelchair (CWC) fixed to a roller unit of a
virtual reality system and a wireless acceleration sensor to measure
the angle of the pedal.

Wireless acceleration sensor

𝜃

Figure 2: The pedal angle of CWC 𝜃 (rad) estimated on the basis of
the inclination of a wireless acceleration sensor. The pedal angle 𝜃 is
zero when the right pedal is the highest point in a full revolution.
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𝜔 trajectory

Figure 3: A cobweb chart to illustrate the distribution of the angular
velocity in one revolution of the pedal. Right leg phase (0 ≤ 𝜃 < 𝜋)
and left leg phase (𝜋 ≤ 𝜃 < 2𝜋) are angular ranges in which the pedal
is rotated primary with right or left leg, respectively.
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Figure 4: Examples of the angular velocity distribution of CWC pedals in one revolution obtained from (a) a healthy subject and (b) a
hemiplegic patient.
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Figure 5: Elliptical approximation of the angular velocity distribu-
tion of CWC pedals in a full revolution. 𝐿

1
and 𝐿

2
are major and

minor axes of the approximate ellipse, respectively.

the virtual CWC. The patient was paralyzed on his right
side because of a stroke. As shown in Figure 4(a), 𝜔 of the
healthy subject was kept relatively constant in one revolution.
In contrast, for the patient, there was a difference in 𝜔
between the right and left leg phases as shown in Figure 4(b).
Therefore, the shape of the 𝜔 distribution obtained from the
patient tended to be an ellipse, while that from the healthy
subject tended to be a true circle. Based on this observation,
a new index, 𝑃

𝑏
, was proposed to evaluate pedaling balance

between the feet. 𝑃
𝑏
is defined as follows:

𝑃
𝑏
=

𝐿
2

𝐿
1

, (1)

where 𝐿
1
and 𝐿

2
are the major and the minor axes of the

approximate ellipse shown in Figure 5, respectively.𝑃
𝑏
takes a

value from0 to 1, and the closer to 1 the𝑃
𝑏
value, the better the

pedaling balance.The ellipse that geometrically approximates
the 𝜔 distribution is obtained by the method of least squares.

Users who are not hemiplegic patients but have some
types of disability in their lower body cannot rotate the pedal
smoothly during both the right and left leg phases. In this

case, the variation in 𝜔 obtained will be large because the
pressure exerted on the pedals is unstable. In this study,
pedaling stability was evaluated by calculating an index 𝑃

𝑠

that is defined as follows:

𝑃
𝑠
=

𝐶

𝐶
𝑎

, (2)

where 𝐶 and 𝐶
𝑎
are the path length of the 𝜔 trajectory and

the circumferential length of the approximate ellipse shown
in Figure 5, respectively. 𝑃

𝑠
takes a value from 0 to 1, and

the closer to 1 the 𝑃
𝑠
value, the more stable the rotation of

pedaling.

3. Experiment

An experiment was conducted to evaluate the effectiveness
of the proposed indices. Four hemiplegic patients (4 males;
aged 65–75 years; mean age, 68.3 years) and 15 elderly healthy
subjects (15 males; aged 61–77 years; mean age, 69.9 years)
participated in the experiment. Two out of 4 patients were
paralyzed on their right side, and the other 2 patients were
paralyzed on their left side because of a stroke. None of the
subjects had driven a CWC before this experiment.

A large-screen display was set in front of the experimental
system shown in Figure 1 to display a VR image.The subjects
sat on the CWC fixed to the system and rotated the pedals
more than 10 revolutions while viewing the display. The
image on display was updated according to the pedal rotation
in real time. They could, therefore, experience a feeling of
moving forward. They were instructed to rotate the pedals at
a constant rate. But set values of the rate were not provided for
them so that they can rotate the pedals in a natural state. The
experiment was conducted twice, and data for the analysis
was obtained from the second test.

The experimental protocol was approved by the Internal
Review Board of the Tohoku University, and informed con-
sent was obtained from all the subjects before the experiment.
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Table 1: Comparison of mean 𝜔, 𝑃
𝑏
, and 𝑃

𝑠
values between the

patient and healthy subject groups.

Patient (𝑛 = 4) Healthy subject (𝑛 = 15)
Angular velocity (𝜔) 4.52 ± 1.59 rad/s 3.94 ± 1.07 rad/s
Pedaling balance (𝑃

𝑏
) 0.66 ± 0.10∗ 0.80 ± 0.10∗

Pedaling stability (𝑃
𝑠
) 0.81 ± 0.16 0.91 ± 0.075

∗
𝑃 < 0.05; Mann-Whitney 𝑈-test.

4. Results

Table 1 shows mean values of 𝜔, 𝑃
𝑏
, and 𝑃

𝑠
in the patient

and the healthy subject groups. Each subject’s 𝜔, 𝑃
𝑏
, and 𝑃

𝑠

values were calculated on the basis of the data from the 2nd
to 7th revolution of the pedals. No significant difference was
observed in 𝜔 and 𝑃

𝑠
between the two groups in our study. In

contrast, 𝑃
𝑏
of the patients was significantly smaller than that

of the healthy subjects (𝑃 < 0.05; Mann-Whitney 𝑈-test).
Figure 6 shows the correlation between 𝜔 and 𝑃

𝑏
. This

figure shows that 𝑃
𝑏
of the patients was lower than that of

the healthy subjects, regardless of 𝜔. The 𝑃
𝑏
value was higher

than 0.7 for several subjects including the patients; however,
𝑃
𝑏
obtained from the subjects rotating the pedals at a rate less

than 4.0 rad/s decreased even in the healthy group.
Figure 7 shows the correlation between 𝜔 and 𝑃

𝑠
. This

result shows that the 𝑃
𝑠
value was higher than 0.7, except in 1

patient, and that𝑃
𝑠
was proportional to𝜔. As is the case in𝑃

𝑏
,

𝑃
𝑠
values of the patients were lower than those of the healthy

subjects when they were compared without considering 𝜔.

5. Discussion

There was no significant difference in the angular velocity 𝜔
between the patients and healthy subjects. This result may be
related to the rotational load of the roller unit used in the
experiment. That is, the rotational load was light enough, so
that the patients could rotate the pedals at a high rate using
only their unaffected leg.

In contrast, a significant difference was observed in the
proposed index 𝑃

𝑏
that reflects the pedaling balance between

the feet. This result indicates the possibility of 𝑃
𝑏
as an index

that can identify hemiplegia symptoms. However, as shown
in Figure 6, there were cases in which 𝑃

𝑏
of healthy subjects

rotating the pedals at a low rate decreased considerably.
This result implies that maintaining the pedaling balance
between the feet at a low rotational rate is difficult even
for healthy subjects, and 𝑃

𝑏
should be evaluated for users

rotating the pedals at an adequate rate. From the results of
this experiment, the minimum rotational rate desirable for
the accurate evaluation of 𝑃

𝑏
is considered to be 4.0 rad/s.

Figure 8 shows examples of the 𝜔 distributions obtained
from 3 patients. As shown in Figure 4(b) and Figure 8(a), the
patients maintained pedal rotations by raising the rotational
speed during the nonparalyze phase, which was the time
period when they moved the pedals primarily with their
unaffected leg. At the same time, there was a patient who
increased the rotational speed during the paralyze phase as
shown in Figure 8(b).This patientmay have used the strength
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Figure 6: Correlation between angular velocity 𝜔 and pedaling
balance 𝑃
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. Each subject’s data were obtained as a value averaged

from the 2nd to 7th revolution of the pedals.
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Figure 7: Correlation between angular velocity 𝜔 and pedaling
stability 𝑃

𝑠
. Each subject’s data were obtained as a value averaged

from the 2nd to 7th revolution of the pedals.

of his unaffected leg to lift the opposite pedal, on which he
propped his affected leg, during the nonparalyze phase, and
subsequently the pedal was gravitationally rotated during the
paralyze phase.These results indicate that hemiplegic patients
have different methods of rotating the pedals.

As shown in Figure 7, the proposed index 𝑃
𝑠
that reflects

pedaling stability was proportional to 𝜔. This result is rea-
sonable because the pedal rotation tends to be more stable
by the action of the rotational inertia as the rotational rate
increases. Figure 8(c) shows the 𝜔 distribution of the patient
whose 𝑃

𝑠
was the lowest of all the subjects. This result shows

that 𝜔 changed greatly, even during the nonparalyze phase.
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Figure 8: Examples of the angular velocity distribution of CWC pedals in one revolution obtained from (a) and (b) patients with left-sided
paralysis and (c) a patient with right-sided paralysis.

In particular, 𝜔 suddenly increased at approximately the
middle point of the nonparalyze phase, approximately 𝜃 =
3𝜋/2, which was the time when the joint angle of the affected
leg was the smallest in a full revolution. Therefore, 𝑃

𝑠
is

considered to have a relationship with the range of joint
motion.

A center point or a rotational angle of the approximate
ellipse of the 𝜔 distribution may also be useful indices to
analyze pedaling patterns. For example, the center point of
the approximate ellipse obtained from a patient with right-
sided paralysis is considered to be in the left side of the
cobweb chart. Furthermore, 𝑃

𝑏
and 𝑃

𝑠
can be obtained using

a rotary torque or an angular acceleration of the pedal
instead of the angular velocity. These indices may provide
detailed information of pedaling characteristics in an easy-
to-understand way because they are closely correlated with
muscle activation patterns of users. However, a torque sensor
requires major reorganization of the CWC, and the angular
acceleration is easily influenced by noises such as wheel
wobble; thus a higher-accuracy method for measuring the
pedal angle is required.

The wireless acceleration sensor used in this study is
easy to attach and is indestructible. It is, therefore, suitable
for household systems to check the motor performances
of users as noted in the Introduction. However, accuracy
of the pedal angle obtained with the acceleration sensor is
not considerably high compared with that with mechanical
sensors such as a rotary encoder. Some noises, such as the
centrifugal force and vibrations of the CWC, reduce the
accuracy of the pedal angle. Estimation errors caused by
these factors may be reduced by combining different types of
sensors.

6. Conclusion

In this study, we analyzed pedaling patterns of the angu-
lar velocity obtained from hemiplegic patients and healthy
subjects driving a CWC in a virtual environment. Two new

indices based on the angular velocity of the CWCpedals were
proposed to evaluate the motor performances of users.

The experimental results showed that a significant differ-
ence between the hemiplegic patients and healthy subjects
was observed in the index related to the pedaling balance of
the users between their feet. This result indicates a possibility
of evaluating motor performances and functions of CWC
users based on their pedaling patterns. In contrast, it was
shown that accuracy of this index decreased for subjects
rotating the pedals at a low rate.

In future works, changes to the proposed indices before
and after rehabilitation trainings should be analyzed to test
their efficiency. In addition, it is necessary to compare the
proposed indices with general and traditional ones that are
known to reflect the degree of motor dysfunctions [11, 12]. To
investigate the relationship between the symptomatic states of
users and pedaling patterns, more patient data are required.
In addition, influences of rotational speed on the proposed
indices should be removed as much as possible. A rotational
rate appropriate for pedaling differs between the patient
and healthy subject groups; therefore, a new index that is
insusceptible to the rotational rate is required. Rotational
loads of the CWC are considered to have significant influence
on the pedaling patterns. A detailed analysis will be possible
if data are obtained under conditions of some different
rotational loads.
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The development of assistive technologies, home modifications, and smart homes has rapidly advanced in the last two decades.
Health professionals have recognised the benefits of these technologies in improving individual’s quality of life. The Smart Home
IRIS was established in 2008 within the University Rehabilitation Institute in Ljubljana with the aim to enable persons with
disabilities and elderly people to test various assistive technologies and technical solutions for their independent living. We
investigated the effect of treatments in the Smart Home IRIS. A convenience sample of 59 persons with disabilities and elderly
people (aged 24–81 years) who were treated in the Smart Home IRIS from April to December 2011 participated. Standardised
instruments—the Canadian Occupational Performance Measure (COPM) and the Functional Independence Measure (FIM)—
were administered at the first assessment in the Smart Home IRIS and at a second assessment at the participant’s home after 6–12
months. All the outcomes statistically significantly improved from the first to the second assessment. The treatments in the Smart
Home IRIS appeared to contribute to higher occupational performance and satisfaction with performance and higher functional
independence of persons with disabilities and elderly people.

1. Introduction

In the recent years, there has been an extended development
and increased prescription of assistive technologies (ATs),
including smart home technologies, that help persons with
disabilities and elderly to live more independently. In Slove-
nia, there are several barriers that thwart the implementation
of ATs, such as a lack of strong political initiatives towards
AT development, the cost of ATs, and no possibility to test
various ATs before buying them. Provision of ATs within the
Slovenian health care system differs from many European
countries in the sense that persons with disabilities and
elderly must buy the majority of ATs.

One of the solutions for enabling persons with disabilities
and elderly people to receive adequate information about ATs
and to test appropriateATswas the establishment of the Smart
Home Independent Residing enabled by Intelligent Solutions

(IRIS), in 2008. The main aim of the Smart Home IRIS
is demonstration, testing, and application of contemporary
technological solutions that compensate for diverse kinds of
disabilities and thereby improve the quality of life of persons
with disabilities [1]. The Smart Home IRIS is a demonstra-
tion apartment at the University Rehabilitation Institute in
Ljubljana, founded on the basis of numerous European smart
home projects. Its concept is presented in Figure 1.

The apartment is fitted with various assistive technolo-
gies, from simple to the most advanced, which assist persons
with different disabilities as well as the elderly. The Smart
Home IRIS enables personswith disabilities and the elderly to
achieve the highest possible level of functional independence.
Adapted equipment, technical aids, and numerous contem-
porary electronic systems which enable a user to control his
or her living environment (open the doors and windows, pull
the curtains, control the TV, radio, telephone, switch on/off
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Figure 1: The concept of the Smart Home IRIS.

the heating system, etc.) in various manners (using switches,
remote control, voice control, wheelchair joystick, eye con-
trol, ambient intelligence, etc.). The underlying rationale is
our belief, based on our clinical experience, that controlling
the living environment leads to a better quality of life.

The Smart Home IRIS is equipped with state-of-the-
art information and communication technology, which is
adapted to different levels and types of disability.This enables
the users to communicate with the outside world, to receive
remote care and remotemonitoring of their health condition,
and to partake in studying, work, leisure, and entertainment
by means of electronic media. Individual treatments are
client-centred—led by the problems identified by patients in
the Canadian Occupational Performance Measure (COPM)
[2] and performed by a multidisciplinary team (composed
of a physiatrist, an occupational therapist, an engineer, and
other professionals). The service is funded by the national
health insurance company and incorporates several subser-
vices.

Because five years have passed since the establishment of
the SmartHome IRIS, evidence of its role and its contribution
to the Slovenian health care system in general, and reha-
bilitation medicine in particular, is needed. Feedback from
personswho have been treated in the SmartHome IRIS is also
important for further planning of treatments, for initiating
some changes of the daily practice, or for including additional
services. A small initial study—a mail survey in which 117
persons with disabilities and elderly participated—was car-
ried out during 2008 and 2009 [3]. The results provided
important feedback about adequacy of treatments in the
Smart Home IRIS and about satisfaction with the treatment
from the users’ point of view. However, due to the limitations
of the research design, the acquired evidence was not strong.
Therefore, the present study was conducted.

2. Materials and Methods

2.1. Study Design and Instruments. A quantitative quasi-
experimental study was conducted, employing repeatedmea-
surement at two time-points without a control group. The
dependent variables were the functional independence scores

(total, motor, and cognitive scores on the Functional Inde-
pendence Measure—FIM [4]) and the COPM performance
and satisfaction ratings at the first treatment in the Smart
Home IRIS and at the second assessment. The independent
variables were the participants’ characteristics: gender, diag-
nosis, age, and number of ATs used.

Three research hypotheses were tested. (1) The use of ATs
and home modification has positive impact on functional
independence of the persons treated in the Smart Home
IRIS. (2) The use of ATs and home modification has positive
impact on occupational performance and satisfaction with
occupational performance of the persons treated in the Smart
Home IRIS. (3) There are differences in progress with regard
to the diagnosis of the persons who were treated in Smart
Home IRIS and the number of assistive technologies that they
used.

The COPMwas used because the treatments in the Smart
Home IRIS are client-centred in nature. It is a standardised
individualizedmeasure in the form of a semistructured inter-
view designed to measure a client’s self-perception of occu-
pational performance. It also assists in setting the goals and
can serve as an outcome measure to determine the degree
of change in occupational performance over time as a result
of intervention [5]. The focus of the COPM is on occupa-
tional performance areas, namely self-care, productivity, and
leisure. The client’s perspective is sought through the inter-
view, and occupational performance problems are defined by
the client. After the interview, the client uses a 0–10 scale to
rate his or her perceived performance on each of the iden-
tified tasks and to rate his or her satisfaction with his or her
ownperformance.TheCOPMhas been reported to be a valid,
reliable, clinically useful, and responsive outcome measure
for occupational therapists [6]. Studies have reported the use
of the COPM with a wide variety of clients in numerous
different settings, including those with physical and mental
health issues, all age groups, as well as clients in hospital,
outpatient, and community settings [7–9]. Several studies
have examined the test-retest reliability of the COPM [10–
12] and the results indicate that the COPM is highly reliable
(the reliability coefficients consistently exceed 0.80). The
COPM has also demonstrated acceptable content, criterion,
and construct validity [13–15]. Because the reproducibility of
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the mean performance and satisfaction scores on the COPM
has been found to be moderate but poor for the scores of the
separate problems [16], the mean scores of performance and
satisfaction were used.

The FIM is the most widely accepted functional assess-
ment measure used with all diagnostic groups within the
adult rehabilitation population, as evidenced in several stud-
ies all over the world [17–19]. It evaluates 18 activities in
6 categories (self-care, sphincter control, transfers, mobility,
communication, and social cognition), which are grouped
into two areas, motor and cognitive. Each item is scored on
a 1–7 scale regarding the level of assistance required for the
individual to perform the particular activity of daily living (1
indicates full assistance and 7 indicates full independence).
The total score therefore ranges between 18 and 126 points.
FIM scores differentiate between disabilities and levels of
severity of impairment, correlate with the time taken for
care, and correlate highly with the results of other relevant
measures [17]. Reliability and validity of the FIMwere proven
through several studies [20, 21]. It has been found to have high
rates of interrater and test-retest reliability (0.95).

2.2. Participants. In Slovenia, there are about 200,000 per-
sons with disabilities and of those about 10,000 have the
most severe types of disability [22]. The target population for
our research were the persons with disabilities who were/are
treated in the Smart Home IRIS. About 200 persons with
different disabilities and of different ages are treated in the
Smart Home IRIS each year. Among the persons treated
in the study period from April to December 2011, 110 met
the inclusion criteria listed below and were thus invited to
take part in the study. Adults aged 18 years or more with
adequate cognitive capacity who have been referred to the
Smart Home IRIS for the first time were included. The age
limit was imposed because of the financial and legislative
autonomy/independence of the participants and because the
FIM is normally only used for adults. Normal cognitive
capacity was also required, so a score of at least 25 points on
theMiniMental State Examination (MMSE) [23]was another
inclusion criterion. The final sample consisted of the 59
participants who agreed to participate, so a 54% response rate
was obtained.The set minimum sample size requirement was
met and exceeded, thus compensating for the slight loss of
power when analysing data using nonparametric (i.e., rank-
based; see Section 2.4) instead of the parametric method (i.e.,
normal distribution-based) that had been used for sample-
size calculation.

2.3. Procedure. After receiving the ethical approval for the
study, the recruitment of the participants began. Anyone who
had already been seen in the Smart Home IRIS and met the
inclusion criteria was invited to participate in the study. The
recruitment letter with a brief introduction and describing
the procedure of research was sent by surface mail to those
patients.Those who agreed to take part in the research signed
the consent form that was sent together with the recruitment
letter and mailed it back in the prepared envelope. The FIM
and COPM were completed at the outset of each individ-
ual’s engagement with the Smart Home IRIS. They were

administered in the Smart Home IRIS. This was followed
by normal exposure to the smart home. Then the assess-
ments were administered to the individuals again between
6 and 12 months from the initial assessment. Our clinical
experience shows that this is an adequate period of time
for the individual to realise the advised technical solutions
or home modifications. The second set of assessments was
conducted at the participants’ homes. The recruitment letter,
the consent form, and all data collection instruments were
in Slovenian, so that they were fully understood by all the
participants.

2.4. Data Analysis. The collected data were analysed using
the PASW Statistics 18.0 software (SPSS Inc., IBM, Somers,
NY, USA). Descriptive statistics were calculated for all
variables and distributions were depicted graphically. Exact
Wilcoxon signed-rank test (EWSRT) was used to test the
null hypothesis of no change in the dependent variables
between the first and the second assessments. In this way,
the first two research hypotheses were addressed. In order to
test the third research hypothesis, multiple linear regression
was used. Three models were built, one for each dependent
variable (FIM total score, COPM performance, and COPM
satisfaction individual mean score). In each model, the
independent variables were the two factors of interest (i.e.,
diagnosis type and number of ATs), the score at the first
assessment (because it was reasonable to believe that the
change in the outcome depended on baseline) and partic-
ipant’s age and gender (which also had to be statistically
controlled for). Comprehensive regression diagnostics were
performed to assure that the assumptions of the model were
met. For illustrative purposes only (because the regression
models provided proper inference), bivariate association of
the number of assistive technologies with the three modelled
outcomes were assessed using Spearman rank-correlation
(Rho) and depicted using scatter-plots with linear fit.

3. Results

Fifty-nine adult persons with disability participated, 30 men
and 29 women. The median age of the participants was
58 years (range 24–81 years). They had different diagnoses;
the most frequent diagnosis was amputation of one leg
(11 patients, 19%) followed by neuromuscular disease (10
patients, 17%), spinal cord injury (SCI) causing paraplegia
(9 patients, 15%), and rheumatic disease or multiple skeletal
injury (8 patients, 14%). Other diagnoses included SCI
causing tetraplegia, cerebral vascular insult, amputation of
one leg or an arm, and cerebral palsy (Figure 2).

For the purpose of further analysis, the diagnoses were
divided into two groups: more severe (neuromuscular dis-
eases, spinal cord injury—tetraplegia, and amputation of both
legs) and less severe (amputation of one leg, spinal cord
injury—paraplegia, multiple skeletal injury and rheumatoid
arthritis, cerebral vascular insult, amputation of arm, cerebral
palsy, and other). Eighteen participants (31%) belonged to
the more severe group and 41 (69%) to the less severe group
(Figure 2). In addition to clinical experience, the division
was grounded in two established classifications used in the
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Figure 2: Diagnoses of the participants.

field of rehabilitation that combine medical diagnosis with
functional status (FIM score), namely, the Functional Impair-
ment Codes (FIC) and the Australian National Subacute
and Nonacute Patient Casemix (AN-SNAP). The key benefit
of using the division was that with fewer categories fewer
degrees of freedom were spent in the multiple regression
models (described further below) applied for testing the third
hypothesis, thus making the cases-to-degrees-of-freedom
ratio in those models sufficient for a valid analysis.

The number of assistive technologies that the participants
used varied from zero (one patient) to five (one patient). The
majority of the participants used one (21 patients, 36%) or two
assistive technologies (24 patients, 41%). The most frequent
assistive technologies were bath and shower seats (used by 31
participants, 53%), grab rails (used by 15 participants, 25%),
and adaptations of computer (software and/or hardware; used
by 12 participants, 20%).

Three FIM scores were analysed—motor sub-score, cog-
nitive subscore and total score. For each of them, the null
hypothesis to be statistically tested was that it would not
change between the two assessments. All three scores statis-
tically significantly improved (Table 1 and Figure 3). Median
score increased by 15 and 13 points for total and motor
FIM, respectively (median increase was 7 points for both).
Because of the ceiling effect (the maximum possible score
was attained by more than half of the patients already at
the first assessment), the median cognitive FIM score could
not increase (and median increase was zero), but the change
in the score was nevertheless statistically significant and the
lower quartile as well as the mean score did increase slightly.
The distributions of differences in FIM scores between the
two assessments (Figure 4) show that motor and total FIM
score decreased in only one participant, and that cognitive
FIM score did not decrease in any participant.

The problems identified by the participants through
COPM were based on occupational performance areas,
namely, self-care (personal care, functional mobility, and
community management), productivity (work, household
management, play, and school), and leisure (recreation,
socializing). The number of identified problems varied from
one to five; on average, the participants identified three
problems. Barriers in home/work environment were iden-
tified as a problem by 41 participants (69%); dependence
in performing activities of daily living was identified by 37

participants (63%); and limited mobility was identified as
a problem by 30 participants (51%). They also identified
problems with computer accessibility (17 participants, 29%),
communication (8 participants, 14%), and controlling the
home environment (6 participants, 8%).

Like for the three FIM scores, the null hypothesis to
be statistically tested for the two COPM scores was that
they would not change between the two assessments. At the
second assessment the so-called reflective scoring was used,
which means that the participants saw their score of each
problem from the first assessment and then they scored the
same problem taking into account the previous score. Both
performance and satisfaction scores clearly and statistically
significantly improved (Table 2 and Figure 5; the median and
the mean both increased by about 4; the median increase was
3 for performance and 4 for satisfaction). The distributions
of differences in COPM individual mean scores between the
two assessments (Figure 6) show that neither performance
nor satisfaction individual mean score decreased in any
participant.

Multiple regression models for progress in the dependent
variables were fitted next. Because of the ceiling effect for the
cognitive FIM subscore and because a model for the motor
FIM subscore would yield practically identical results, only
the total FIM score was modelled as a comprehensive mea-
sure of independence in functioning. Complete regression
diagnostics were performed, which showed that the data did
not substantially violate the assumptions in any of themodels.
In all threemodels, VIF valueswere close to 1 and therefore far
below the critical value of 5 (or even 10) that would indicate
colinearity (last column in Tables 4, 5, and 6); Durbin-Watson
statistic was close to 2, thus indicating no serial correlation
(Table 3). Distributions of standardised residuals were not
markedly skewed and no standardised residual was below −3
or above 3 (nearly all were between −2 and 2), and scatter-
plots of standardised residuals showed no clear indication of
heteroscedasticity (all were approximately band-shaped).

All threemodels were statistically significant (i.e., the null
model of predicting the mean of the dependent variable for
all cases was rejected at 𝑃 < 0.001; Table 3). The models
explained an estimated 33%, 49%, and 36% of population
variance for FIM total score, COPM performance individual
mean score, and COPM satisfaction individual mean score,
respectively (adjusted 𝑅2 in Table 3). This percentages are
quite high given the simplicity of the models (dictated by
the limited sample size and available data), which speaks in
favour of their validity. On the other hand, it is obvious that
a substantial part of variance remains unexplained due to
numerous individual and environmental factors that were not
assessed and thus not included in the models.

In the model for FIM total score, diagnosis type was
a statistically significant predictor (𝑃 = 0.003; Table 4),
while the number of AT was marginally significant (𝑃 =
0.061; Table 4).The third research hypothesis could therefore
be confirmed for FIM total score, whereby the estimated
progress for patients in the more severe group was about 8
points less than for those in the less severe group, and for
an additional AT the estimated progress was about 2 points
larger, both given that all the other parameters in the model
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Figure 3: Boxplots of FIM scores at the first and the second assessment (thick line—median; box—interquartile range, IQR; whiskers—values
within 1.5 IQR from the 1st and 3rd quartile; circles—outliers).

Table 1: Descriptive statistics and results of statistical tests for FIM scores.

Score Assessment Mean (SD) Median (IQR) 𝑃 (EWSRT)

FIM total (possible range 18–126)
1st 89.6 (21.3) 94 (61–109)

<0.0012nd 100.2 (21.0) 109 (84–116)
Difference 10.6 (10.5) 7 (2–15)

FIM motor (possible range 13–91)
1st 56.7 (21.3) 64 (34–75)

<0.0012nd 66.9 (21.0) 77 (57–81)
Difference 10.2 (10.3) 7 (2–15)

FIM cognitive (possible range 5–35)
1st 32.9 (2.9) 35 (31–35)

0.0042nd 33.3 (2.6) 35 (32–35)
Difference 0.4 (1.1) 0 (0-0)

IQR: interquartile range; EWSRT: exact Wilcoxon signed-rank test; difference = value at 2nd assessment − value at 1st assessment.
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Figure 4: Distribution of differences in FIM scores between the first and the second assessment (histograms for total and motor score, bar
chart for cognitive score).

Table 2: Descriptive statistics and results of statistical tests for COPM individual mean scores.

COPM Assessment Mean (SD) Median (IQR) 𝑃 (EWSRT)

Performance (possible range 1–10)
1st 3.5 (1.9) 3.5 (1.7–4.8)

<0.0012nd 7.1 (2.0) 5.7 (7.3–9.0)
Difference 3.6 (2.7) 3.0 (1.5–5.3)

Satisfaction (possible range 1–10)
1st 2.9 (1.8) 1.3 (2.7–3.7)

<0.0012nd 7.2 (2.2) 5.2 (7.5–9.0)
Difference 4.3 (2.6) 4.0 (2.0–5.7)

IQR: interquartile range; EWSRT: exact Wilcoxon signed-rank test; difference = value at 2nd assessment − value at 1st assessment.
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Figure 5: Box plots of COPM individual mean scores at the first and the second assessments (thick line—median; box—IQR: interquartile
range, whiskers—values within 1.5 IQR from the 1st and 3rd quartile; circles—outliers).
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Figure 6: Distribution of differences in COPM individual mean scores between the first and the second assessment (bar charts of rounded
values).

were held constant.The statistical significance of the baseline
score (𝑃 = 0.001) is at least partly spurious, that is, artefact,
because the difference score and either of its components are
correlated by definition, so it should not be over-interpreted
and only serves to adjust the patients’ progress for the
differences in initial functional independence.

The two models for COPM individual mean scores gave
essentially equivalent results (Tables 5 and 6). In neither of
the models for progress in COPM, diagnosis type was a
statistically significant predictor (𝑃 = 0.147 and𝑃 = 0.439 for
performance and satisfaction, resp.), whereby the estimated
regression coefficient was negative (i.e., less progress pre-
dicted for themore severe group) as expected in bothmodels.
Because the number ofATswas statistically significant in both
models (𝑃 = 0.012 and 𝑃 = 0.022 for performance and satis-
faction, resp., with expected progress about 0.7 points larger

per additional AT for both outcomes), the third research
hypothesis can therefore be at least partly confirmed for
COPM scores as well. On a minor note, unlike in the
model for FIM score, age was not a statistically significant
predictor (𝑃 = 0.936 and 𝑃 = 0.754), while there was
a (nearly) statistically significant gender difference (with
higher progress predicted for men) in both COPM models
(𝑃 = 0.034 for performance; 𝑃 = 0.071 for satisfaction). Like
the finding regarding age for FIM progress, interpretation of
gender difference in COPM progress is difficult and outside
the scope of the present research.The same goes for the effect
of the baseline score (for the reason outlined in the case of
FIM), which was further inflated in case of COPM by the
reflective scoring procedure (i.e., the patients seeing their
scores at the first assessment during the second assessment),
so the largest estimated standardised regression should not be
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Table 3: Summary of multiple regression models.

Dependent variable Adj. 𝑅2 𝑃 (ANOVA) Durbin-Watson
Change in FIM
total score 0.325 <0.001 1.913

Change in COPM
performance
individual mean score

0.489 <0.001 2.432

Change in COPM
satisfaction
individual mean score

0.360 <0.001 2.688

Adj. 𝑅2: adjusted coefficient of determination; 𝑃 (ANOVA): statistical
significance of the model as a whole; Durbin-Watson statistic: diagnostics of
serial correlation.

Table 4: Parameter estimates and regression diagnostics of colin-
earity for multiple linear regression model of change in total FIM
score.

Predictor 𝑏 𝛽 𝑃 VIF
Constant 19.646 0.021
Gender (male versus
female) 0.559 0.027 0.816 1.141

Age (years) 0.244 0.352 0.002 1.030
FIM total score at 1st
assessment 0.187 0.381 0.001 1.088

Diagnosis type (more
versus less severe) −8.267 −0.366 0.003 1.192

Number of assistive
technologies 2.245 0.208 0.061 1.011

𝑏: regression coefficient; 𝛽: standardised regression coefficient; VIF: variance
inflation factor.

interpreted in terms of relative predictor importance or even
causality.

Finally, only for clarification and illustration, bivariate
(i.e., unadjusted) analysis of association of the number of ATs
with the change scores was performed. The scatter plots with
fitted regression lines (Figure 7) and the Spearman correla-
tion coefficients (Rho = 0.328 for change in FIM total score,
𝑃 = 0.011; Rho = 0.424 for change in COPM performance
individual mean score, 𝑃 = 0.001; and Rho = 0.387 for
change in COPM satisfaction individual mean score; 𝑃 =
0.002) agree with the finding from the regressionmodels that
the more ATs a patient uses, the more progress can be
expected from him or her.The association is far from perfect,
but it is clear especially for the two COPM scores.

4. Discussion

The aim of this study was to evaluate the treatments in the
Smart Home IRIS in terms of their effect on occupational
performance and functional independence of the treated
persons. Three research hypotheses were addressed.

The first hypothesis stated that use of ATs and home
modification has impact on increased functional indepen-
dence for participants who have been treated in Smart
Home IRIS. After the second assessment the participants
showed a statistically significant improvement in all three

Table 5: Parameter estimates and regression diagnostics of col-
inearity for multiple linear regression model of change in COPM
performance individual mean score.

Predictor 𝑏 𝛽 𝑃 VIF
Constant 4.186 0.006
Gender (male versus
female) 1.174 0.221 0.034 1.168

Age (years) −0.001 −0.008 0.936 1.031
COPM performance
at 1st assessment −0.757 −0.534 <0.001 1.118

Diagnosis type (more
versus less severe) −0.848 −0.147 0.147 1.126

Number of assistive
technologies 0.697 0.252 0.012 1.064

𝑏: regression coefficient; 𝛽: standardised regression coefficient; VIF: variance
inflation factor.

Table 6: Parameter estimates and regression diagnostics of col-
inearity for multiple linear regression model of change in COPM
satisfaction individual mean score.

Predictor 𝑏 𝛽 𝑃 VIF
Constant 4.236 0.012
Gender (male versus
female) 1.089 0.208 0.071 1.154

Age (years) −0.006 −0.034 0.754 1.035
COPM satisfaction at
1st assessment −0.683 −0.454 <0.001 1.140

Diagnosis type (more
versus less severe) −0.498 −0.088 0.439 1.145

Number of assistive
technologies 0.696 0.256 0.022 1.076

𝑏: regression coefficient; 𝛽: standardised regression coefficient; VIF: variance
inflation factor.

FIM scores—total (𝑃 < 0.001), motor (𝑃 < 0.001) and
cognitive (𝑃 = 0.004). Though clearly beyond what would
could be expected by chance (i.e., due to sampling error),
the cognitive FIM could not increase much because of the
ceiling effect (maximum possible score was attained by more
than half of the patients already at the first assessment).
Nevertheless, the increase inmedian score by 15 and 13 points
for the total and the motor FIM, respectively, leaves no doubt
that the observed improvement was substantial. In addition,
the motor and the total FIM score decreased in only one
participant, and the cognitive FIM score did not decrease in
any participant. These findings indicate that the participants
achieved a higher level of functional independence at the sec-
ond assessment than at the first assessment. Hence, the first
research hypothesis was supported, even though the causal
link with the treatment in Smart Home IRIS cannot be firmly
established because of the lack of a control group or other
means to eliminate (or subtract) the possible effect of other
factors.

The second hypothesis stated that the use of ATs and
home modification has impact on occupational performance
and satisfaction with occupational performance, which was
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Figure 7: Scatter plots with linear regression lines (dashed; for illustrative purposes only) depicting association of the number of assistive
technologies with progress in the outcome measures.

assessed using the COPM. At the second assessment, both
the individual mean performance scores and the individual
mean satisfaction scores were statistically significantly higher
than at the first assessment (𝑃 < 0.001). The results also
showed that neither performance nor satisfaction individual
mean score decreased in any participant, which is very
important for participants with progressive diseases (such
as neuromuscular diseases). These findings are consistent
with the findings of the previous studies [24–26]. The second
hypothesis was therefore also supported, subject to the same
cautionary note regarding causal interpretation as the first
hypothesis.

The third hypothesis addressed the differences in progress
with regard to the participant’s characteristics, focusing on
the diagnosis and the number of ATs while controlling for
the possible confounding effect of gender, age, and score at
the first assessment. Regarding functional independence, the
difference with regard to diagnosis type (i.e., the difference
between more severe diagnoses, namely, neuromuscular dis-
eases, spinal cord injury causing tetraplegia, and amputation
of both legs, and less severe diagnoses) appeared to be
more certain (𝑃 = 0.003) than the positive effect of the
number of ATs (𝑃 = 0.061). The opposite was observed with
COPM individual mean scores: the difference with respect to
diagnosis type was not statistically significant (𝑃 = 0.147 and
𝑃 = 0.439 for performance and satisfaction, resp.) though it
was in the same direction of more expected progress with less
severe diagnoses, whereas the positive effect of the number
of ATs was statistically significant in both models (𝑃 = 0.012
and𝑃 = 0.022).Nevertheless, the overall picturewas the same
and agreed with the third research hypothesis.

As already stressed, the association of the baseline score
(i.e., at the first assessment) with the progress (i.e., the differ-
ence between the second and the first assessment) should not
be overinterpreted because of purely mathematical reasons.
In addition, the association may not be entirely related
with the use of ATs but also with other factors, such as
supplementary rehabilitation, concomitant health problems,
and natural disease progress. Furthermore, as also already
stressed regarding the two COPM scores, the effect of the
baseline score status may be overestimated because of the
reflective scoring procedure.

There are also other notable limitations to our study. We
only considered the number of ATs in the statistical models,
thus not taking into account the differences in the impact that
a specific AT can have on functional independence. Having
more devices does not necessarily lead to increased indepen-
dence or satisfaction, because the change in independence
is based on the match between the AT and the individual’s
needs, as well as on the degree to which the individual
perceives that as leading to more independence. Hence, the
distinction between useful ATs and those that are less may be
blurred to some extent, whichmay also be reflected in the less
evident positive statistical effect noted for the number of ATs.

It should also be noted that in addition to the number
of ATs that a patients possesses and their appropriateness,
better occupational performance and higher satisfactionwith
performance are impacted by the time of application of the
ATs prescribed by the occupational therapist or other health
care professionals. Appropriate ATs should be provided at the
right time, considering the context, activity demands, and
client factors (e.g., nature and prognosis of disease/disability)
[27]. Late application of ATs leads to less effective usage or
abandonment of the prescribed ATs [28]. Another important
factor is the way of prescribing ATs, whereby each AT should
be recommended and prescribed using a client-centred
approach [29]. The present study does not directly assess
timeliness of AT provision, though it does underline the need
for individual and client-centred approach by occupational
therapists and other health professionals who prescribe AT.

As already noted, the treatment in Smart Home IRIS
cannot be firmly causally linked with the observed improve-
ments, so a further limitation of our study is that it provides
no evidence that factors which were not studied—such as
capability of home care staff, specific AT factors (reliabil-
ity/malfunctions and appropriateness with regard to the
consumer’s needs), and suitability of home environment—
were not important in achieving the observed changes in
functional independence, performance, and satisfaction with
performance.

Finally, our choice of FIM as the measure of functional
independence when using ATs and home modifications is
also open to debate. It is not possible to obtain the highest
score of 7 (i.e., attain the highest level of independence)
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on several FIM items from the motor subscale (and hence
attain the highest possible motor and total score) if assistive
technology is used. Moreover, the FIM is primarily a medical
assessment tool not aimed at AT evaluation.Measures such as
the Psychosocial Impact of Assistive Devices Scale (PIADS)
and Quebec User Evaluation of Satisfaction with Assistive
Technology (QUEST) might have been used, which have
demonstrated reliability and validity and have been used
in evaluating the outcomes of AT interventions [30–32].
However, they have not been adapted for Slovenian language
and environment yet, whereas the use of FIM has a relatively
long tradition and the years of mandatory assessment of
every rehabilitation inpatient at the University Rehabilitation
Institute in Ljubljana, accompanied by extensive statistical
analyses, vouch for the highest possible level of validity and
reliability of the assessment procedure [33, 34].

5. Conclusions

The results showed that the use of assistive technologies and
home modifications appears to have impact on increased
functional independence and better performance and satis-
faction. In addition, it was shown that progress differs with
respect to the person’s diagnosis and the number of assistive
technologies he or she uses.

The findings obtained from the present study are impor-
tant for Slovenian rehabilitation medicine and all health
care professionals who work in the field of provision with
assistive technologies in Slovenia. We attempted to fill the
gap regarding the evidence on effectiveness of a smart home
and our results suggest that the persons who use assistive
technologies and home modifications may benefit from the
treatment in Smart Home IRIS.

As the development of assistive technologies and smart
home technologies is spreading, and rehabilitation profes-
sionals over the world are becoming aware of the benefits
of assistive technologies, continued research in this area
is essential. Further high-quality outcome studies, such as
randomised controlled trials and longitudinal studies, would
be beneficial. It would also be interesting to know whether
using assistive technologies and home modifications for a
longer period of time (at least for two years) results in long-
term improvement.
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Background. Haptic robots allow the exploitation of known motor learning mechanisms, representing a valuable option for motor
treatment after stroke. The aim of this feasibility multicentre study was to test the clinical efficacy of a haptic prototype, for the
recovery of hand function after stroke.Methods. A prospective pilot clinical trial was planned on 15 consecutive patients enrolled
in 3 rehabilitation centre in Italy. All the framework features of the haptic robot (e.g., control loop, external communication, and
graphic rendering for virtual reality) were implemented into a real-time MATLAB/Simulink environment, controlling a five-bar
linkage able to provide forces up to 20 [N] at the end effector, used for finger and hand rehabilitation therapies. Clinical (i.e., Fugl-
Meyer upper extremity scale; nine hold pegboard test) and kinematics (i.e., time; velocity; jerk metric; normalized jerk of standard
movements) outcomes were assessed before and after treatment to detect changes in patients’ motor performance. Reorganization
of cortical activation was detected in one patient by fMRI. Results and Conclusions. All patients showed significant improvements in
both clinical and kinematic outcomes. Additionally, fMRI results suggest that the proposed approachmay promote a better cortical
activation in the brain.

1. Background

Hand and finger dexterities are fundamental for many activi-
ties carried out by a person in order to be independent. Stroke
can reduce motor function due to the resulting death of
associated brain cells. Stroke leads to permanent neurological
impairment in at least 12.6 million people worldwide [1, 2],
and in up to 75% of the subjects, motor deficits involve the
upper limb [3]. Nowadays, almost all the activities that deal
with physical therapy and training tools for rehabilitation
have focused on relearning movements of the abilities that

the patients had stroke before. Currently, traditional reha-
bilitative interventions are mainly focused on the passive
facilitation of isolated movements or on the promotion of
alternative movements to those used before motor diseases
[4, 5]. These need to emerge as a consequence of the
increasing incidence of stroke patients and the related costs
associated to rehabilitation care.

Recent findings from movement neuroscience demon-
strated that the human neuromuscular system presents use-
dependent plasticity, intended as changes in the pattern
of neurons’ connectivity [6], not only in healthy but also
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in neurologically diseased patients, so poststroke patients
can experience significant benefits if treated with intensive
rehabilitation sessions based on neurophysiologic learning
principles [7]. Usually, robotic rehabilitation devices provide
passive movement to the patient’s arm; however, the use of
haptics (i.e., manipulators able to provide force feedbacks),
interfaced to VR environments, are becoming a common
approach, as they allow intensive, frequent, and repetitive
interactive exercise, more coherent with the principles of
motor learning. Virtual-reality-based haptic rehabilitation is
conceived as the interaction between a haptic device, which
consists of a specific manipulator, and a virtual environment
[8]. Indeed, a haptic interface enables the patient to move
and interact with virtual objects inside a virtual space;
hence, a correspondence between the end-effector of the
haptic display and a virtual object (avatar) inside the virtual
world is verified [9]. This avatar interacts with other virtual
objects and the interaction force arising during contacts
depends on the “penetration” the avatar performs on the
other virtual objects, under a viscoelastic behaviour. As a VR-
based application for rehabilitation, static objects are enough
for representing the virtual environment [10]. In turn, the
interaction force in the virtual environment is reproduced
by the haptic device, so the patient receives a force response
to his/her motion. This allows the patient to interact with
different types of objects, which may have different kinds
of properties [11, 12]. Several haptic robots for rehabilitation
were developed and tested, such as the MIT-Manus [13, 14],
theMirror ImageMovement Enabler (MIME) [15], theARM-
Guide [16], and the BiManu-Track [17].

The design of an effective haptic interface for rehabil-
itation is often a trial and error procedure and even a
small change in the operating scenario or the addition of
new features may require large modifications in hardware
and software to better respond to the patient’s needs. In
our prototype the VR-based rehabilitation was conceived as
the interaction through a haptic device (i.e., manipulator)
with a virtual environment under a viscoelastic behaviour,
with interaction forces depending on the “penetration” the
avatar performs on the other virtual objects, allowing the
patient to perform different motor tasks with different types
of objects. Hence, the use of haptic-based therapy highly
contributes to regain the mobility that was lost, while for
therapists and doctors, this type of computer-based system
is an efficient measurement tool, in which the kinematic

outcomes for finger and hand rehabilitation (e.g., execution
time, trajectory, velocity, and jerk) are accurately evaluated.

In order to merge known benefits of specific stimulation
provided by VR and haptics devices, a general framework
for virtual-reality- (VR-) based rehabilitation was developed,
in which custom designed haptic devices could be easily
plugged into the VR rehabilitation environment.

The aim of this study was to evaluate the efficacy of
the proposed technological solution for the rehabilitation
of hand and fingers motor function in poststroke patients.
A feasibility prospective multicentre trial was conducted
within a research project supported by the Italian Ministry
of Health in three neurorehabilitation hospitals, respectively:
Foundation San Camillo Hospital (Venice), Neurological
National Institute Foundation “C. Mondino” (Pavia), and
Foundation “Santa Lucia” (Rome).

2. Material and Methods

2.1. Patients. In each hospital, five consecutive stroke patients
were enrolled according to the following inclusion criteria:
affected by a single ischemic stroke in the region of themiddle
cerebral artery (MCA) at least six months before the entry;
conventional physical therapy treatment received in the early
period after stroke; and mild to intermediate motor impair-
ment of the arm (defined as a Box and Blocks Test <45).
Clinical history or evidence of memory impairment, neglect,
apraxia, or aphasia interfering with verbal comprehension
and treated depression were considered as exclusion criteria.

2.2. General Framework for VR-Based Haptic Rehabilitation.
The haptic interface consists of a computer (e.g., a PC),
a virtual reality engine, a data acquisition board, motor
drivers, and a mechanism that constitutes the manipulated
part of the haptic device. As shown in Figure 1, the positions
(usually joint angles) of the haptic device are acquired via data
acquisition board and converted into real world coordinates
of the end effector, using a forward kinematic model. Such
coordinates are then passed to the VR engine, which is in
charge of displaying the exercises on the computer screen and
computing the interaction force between the avatar and the
virtual objects. The computed force is then converted into
force/torque references to the actuators, using the Jacobian
matrix of the mechanism, which is obtained by computing
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the relation between the joint rates and the linear and
angular velocity of the end-effector [18].

A general framework is developed in order to achieve
the interaction described above. The proposed architecture
is implemented inside MATLAB/Simulink. Every block of
Figure 1, except the haptic/graphic rendering block, has an S-
function associated with it. The VR engine can be selected
among many available in the market. For this particular
implementation,we chose theHandshake proSENSEToolbox
for haptic and graphic rendering [19]. In a nutshell, theHand-
shake proSENSE Toolbox adds haptic rendering to standard
VRML-based environments. As a MATLAB/Simulink-based
product, it works in a drag-and-drop fashion, thus, allowing
even untrained users (e.g., doctors and therapists) to quickly
develop and test models, and to do on-the-fly modifications
on both, virtual environment and exercises, depending on the
requirements and performances of the patient. Such general
purpose framework achieves two important objectives.

(1) Hardware-independent solution: anymodification on
the hardware implies only minor parameter mod-
ifications on the software, mainly the ones related
to the Jacobian matrix and the digital and analog
channels that are used.This guarantees a fast and easy
implementation of any new device, which better fits
to some patient’s condition and rehabilitation.

(2) Online modifications of the elements in the virtual
environment: the exercises can be designed in order
to fit the requirements and performances of the
patient under analysis.

In turn, the proposed framework guarantees a fast and
easy implementation for different types of devices, which
must handle the corresponding settings and configurations,
depending on the type of therapies to be implemented.

Additionally, it provides the haptic and graphic render-
ing, as well as the control algorithm of the five-bar link-
age mechanism, and the external communication with the
actuators; these features guarantee a real-time system.

The haptic interface implemented in the proposed frame-
work is based on a PC running Microsoft Operating System
(Windows XP), with a data acquisition card (SensorayModel
626 PCIMultifunction I/O Board) that provides the interface
to a five-bar linkage haptic device (detailed later), moved
by two AC brushless servo motors (Mavilor Motors Model
BLS-74) with the relative motor drivers (Infranor CD1-a).
The setup and the prototype are shown in Figure 2. The
software for controlling the haptic interface was completely
developed within MATLAB/Simulink as a real-time applica-
tion. The external communication to the acquisition board
was implemented as an S-function, as well as the kinematic
analysis for solving themechanism, and the calculation of the
transpose Jacobian matrix. The visual and haptic feedbacks
were implemented using the Handshake proSENSE Toolbox.

The considerations for the design of the haptic device
are focused on the implementation of a single finger haptic
display, in which the force is exerted at the fingertip. Herein,
all possible movements of each articulation that belongs to
the finger are taken into account, along with the reachable

Figure 2: Haptic interface setup. The setup considers a PC with
a control algorithm, a VR environment with graphic and haptic
rendering, and a five-bar linkage mechanism with finger holder.
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Table 1: Finger joint motion ranges.

Finger joint Angular motion range (degrees) Link size (mm)
MCP −90 ≤ 𝜃

1
≤ 45 48.3

PIP −120 ≤ 𝜃
2
≤ 0 28.2

DIP −90 ≤ 𝜃
3
≤ 50 19.1

MCP: metacarpophalangeal; PIP: proximal interphalangeal; DIP: distal
interphalangeal.

workspace of the finger itself. Therefore, this workspace must
fit inside the workspace of the haptic device. The design is
based on a male index finger (see Figure 3). The average
dimensions of the fingerwere considered and a set of admissi-
ble movements (Table 1). This information was derived from
the literature and based on statistical data [20].

The chosen mechanism was a five-bar linkage, where one
bar is fixed to the frame, and the two cranks, fixed to the
frame, are considered the moving members. The proposed
mechanism has two active DOF and three passive DOF
(rotations) at the fingertip. In this particular case, the driven
joints are actuated by AC brushless motors, in which the
maximum torque available is 3.4 [N-m], which corresponds
to a force of 20 [N] at the fingertip. Each motor has an
incremental encoder with a resolution of 32768 pulses per
revolution, for which the manipulator position resolution
is 0.022 [mm]. The design of the proposed mechanism was
based on these three factors.

(i) The haptic device workspace must cover the whole
reachable workspace of an averagemale’s index finger.

(ii) Low inertia.
(iii) High performance.
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Figure 4: Reachable finger workspace, five-bar linkage workspace
and ISO values.

Theperformance analysis is based on the evaluation of the
mechanism isotropy (ISO), defined as follows:

𝜇 =

𝜎min (𝐽 (Θ))

𝜎max (𝐽 (Θ))
, (1)

where 𝜎min and 𝜎max are the minimum and maximum singu-
lar value decomposition values of the Jacobian matrix 𝐽(Θ)
that describes the five-bar linkage mechanism, respectively.
Notice that Θ = [𝜃

1
, 𝜃
2
, 𝜃
3
, 𝜃
4
]
𝑇. The mechanism isotropy is

a function of the joint angles Θ and the value goes from 0 to
1. An ISO value of 0 means the mechanism is in a singular
configuration. A typical singular configuration of the five-
bar mechanism is obtained when the links are fully stretched.
An ISO value of 1 means maximum performance, which
also means that the mechanism can move equally well in all
directions.

Link lengths were determined by maximizing the mech-
anism isotropy and by finding the best fitting between the
average male’s index finger workspace and the haptic device
workspace. As a result, under normal conditions, whichmean
that the finger’s motion is without obstacles and/or any load
applied on it, the reachable workspace of a single finger is
completely covered by the reachable workspace of the mech-
anism (link length [mm]: 𝐿

1
= 140; 𝐿

2
= 180; 𝐿

3
= 180;

𝐿
4
= 140; 𝐿

5
= 70) with ISO values always higher than 0.4

(i.e., good preservation of free movements in all directions)
across the whole workspace, as shown in Figure 4.

In order to determine the end-effector position of the
mechanism, forward kinematic analysis has to be done [18].
The angular positions 𝜃

1
and 𝜃

4
are known parameters

because they can be read from the encoders that come with
the AC brushless motors. The end-effector position of the
haptic device is determined with respect to the origin of thex-
y axis, which is placed in 𝑃

1
(𝑥
1
, 𝑦
1
). Forward kinematics and

force analysis are based on Figure 5. The Cartesian position

𝑃(𝑥ef, 𝑦ef) of the end-effector of the device is as follows:

𝑥ef = 𝐿1 cos (𝜃1) + 𝐿2 cos (𝜃2) ,

𝑦ef = 𝐿1 sin (𝜃1) + 𝐿2 sin (𝜃2) .
(2)

The Jacobian matrix of the mechanism is defined as
follows:

𝐽 (Θ) = [

𝑎
11
𝑎
12

𝑎
21
𝑎
22

] ,

𝑎
11
= −

1

2

𝐿
1
(cos (−𝜃

2
+ 𝜃
1
− 𝜃
3
) − cos (−𝜃

2
+ 𝜃
1
+ 𝜃
3
))

sin (𝜃
2
− 𝜃
3
)

,

𝑎
12
=

1

2

𝐿
4
(cos (𝜃

2
+ 𝜃
3
− 𝜃
4
) − cos (𝜃

2
− 𝜃
3
+ 𝜃
4
))

sin (𝜃
2
− 𝜃
3
)

,

𝑎
21
=

1

2

𝐿
1
(sin (−𝜃

2
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1
− 𝜃
3
) + sin (−𝜃

2
+ 𝜃
1
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3
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sin (𝜃
2
− 𝜃
3
)

,

𝑎
22
= −

1

2

𝐿
4
(sin (𝜃

2
− 𝜃
3
+ 𝜃
4
) − sin (𝜃

2
+ 𝜃
3
− 𝜃
4
))

sin (𝜃
2
− 𝜃
3
)

.

(3)

The relationship that links the applied force at the finger-
tip between the equivalent torques of the electric motors is
expressed through the transpose Jacobian of the mechanism:

𝜏
𝐹
= 𝐽
𝑇
(Θ) 𝐹, (4)

where 𝐹 represents the generalized forces exerted on the end-
effector and 𝜏

𝐹
represents the torques exerted by the actuators

in the joints. Considering the mechanism is used in a vertical
plane, it is necessary to determine the equivalent torques in
order to compensate the effects of gravity. Therefore, taking
into account both, the generated forces at the fingertip and the
forces due to the weight, the generated torques transmitted to
the motors can be expressed as

𝜏 = 𝐽
𝑇
(Θ) 𝐹 + 𝜂 (Θ) , (5)

where 𝜂(Θ) represents the gravity compensation.
An open loop impedance control was used for the

proposed five-bar linkage mechanism, in which the input in
the physical model of the virtual world is the end-effector
position of the device, expressed as a Cartesian position,
and the output is the reaction force. The control scheme is
described in Figure 6. As the position of the end-effector is
known, the physical model algorithm detects a collision with
a virtual object. Depending on the properties of the object,
the algorithm determines the reaction force. The calculated
force is then converted tomotor torque through the transpose
Jacobian matrix and then the contribution of the gravity
compensation is added. As shown in Figure 6, the torque gain
𝐺 is used to convert the signal into volt. A saturation block
bounds it, preventing higher exertion forces, and avoiding
any possible injury. However, this solution does not always
guarantee safety. Hence, a hardware solution is needed in
order to achieve safety. Such solution was implemented by
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putting pressure sensitive safety edges along the moving
bars of the mechanism. Using this hardware solution, the
safety of the patient is guaranteed when unexpected higher
forces occur and/or when the mechanism has unexpected
behaviours.

The study was approved independently by the Insti-
tutional Review Boards of all participating hospitals and
informed written consent was obtained by all participants at
the time of enrolment.

2.3. Intervention. During the treatment the patients were
comfortably seated in an ergonomic chair sustaining the

trunk, in front of the haptic device, placed above an ergo
nomic table. Both, the table and chair, were height adjustable
in order to accomplish the best posture for the patients
during the therapy (Figure 2). The robot was connected
through a spherical passive joint (allowing three rotations
around a pivotal point) to a finger or hand holder, depending
on the patients’ manipulation abilities (Figures 7 and 8).
The rehabilitative exercises were developed by the thera-
pist starting from the assessment scenes. The assessment
scenes were never proposed as training exercises during
the rehabilitation sessions. during the rehabilitation ses-
sions. Following the initial assessment the therapist chose
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(a) (b)

Figure 7: Haptic device for finger/hand rehabilitation. (a) Finger rehabilitation. (b) Hand rehabilitation.

(a) (b) (c)

(d)

Figure 8: Possible movements for hand rehabilitation. (a) Extension. (b) Flexion. (c) Radial deviation. (d) Ulnar deviation.
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(a) (b) (c) (d)

Figure 9:The different scenarios for the exercises. The red arrows indicate the motor task to be accomplished.The environment managed by
the therapist for the treatment (a) and examples of exercises proposed in horizontal (b), sagittal (c), and vertical (d) planes.

the best configuration of virtual objects to allow the patient
to perform the most functional exercise autonomously,
according to his/her motor function impairment. The new
motor tasks were created by sliding the objects in the
virtual environment by means of a graphical interface
and adapting it online as the patient progressed dur-
ing the therapy. During the treatment the subjects were
asked to perform several different motor tasks (Figure 9);
moreover, in order to interfere with the patient’s path during
the rehabilitation exercises, artificial perturbations in the
system were implemented [21]. The perturbation was tested
incrementally asking the patient to counteract the force
received while moving on a linear path. Once the patient
demonstrated to be unable to control the robot because the
safety switches were touched with bars, this value was then
set as the maximum threshold reachable. This perturbation
was applied orthogonally to the patient’smovement direction,
affecting their actual path with a force proportional to
the end effector velocity exerted by the patient, only in
a subset of trials (at least 30% of the overall number of
repetitions) and using random forces values within the range
settle according to the described procedure. Every treatment
session was supervised by the therapist that both instructed
the patients on how to accomplish the exercises and also
managed online the virtual environment and the user-defined
perturbation.The aim of the online robotmanagement by the
therapist was to maintain the exercise strain adequate to the
real time patients’ capability, in order to prevent incoming
muscles fatigue and avoiding frustration due to exceeding
task challenges.

The treatment protocol lasted 3 weeks, every day 1 session
of 45 minutes was provided for 5 days a week. The total
amount of sessions performed was 15 for every patient.

2.4. Outcome Measures. As the haptics were developed to
accomplish exercises targeted to hand and wrist motric-
ity, outcomes describing both the clinical and kinematics
domains were chosen. In order to quantify the upper limb
motor impairment and hand dexterity of the paretic arm,
two scales were administered, respectively: the Fugl-Meyer
Upper Extremity (F-MUE) and the Nine Hole Pegboard Test
(NHPT).The F-MUE is the most frequently usedmeasure in

stroke rehabilitation research. This is an ordinal scale whose
scoring ranges from 0 to amaximum of 66 for the upper limb
motor performance. The upper limb section has 33 items,
which include reflex testing, movement observation, grasp
testing, and assessment of coordination. The score for each
item is 0 unable to perform; 1 able to perform in part; 2 able
to perform [22]. Its clinimetric properties were known and
the interrater reliability (𝑟 = 0.98 to 0.99) and intraclass
correlation (ICC = 0.99) were estimated [23]. The NHPT is a
test that assesses hand dexterity where the patients, sitting at a
table, are asked to take 9 dowels (9mmdiameter, 32mm long)
from the table top and put them into 9 holes (10mmdiameter,
15mm deep) spaced 50mm apart on a board. The time to
complete this task is recorded; the cut off is set at 50 seconds
(when the number of peg placed is recorded). The number
of pegs placed per second is then calculated [24]. Also the
NHPT clinimetric properties were estimated, respectively,
interrater reliability and test retest reliability (IRR and TRT:
𝑟 = 0.68–0.99) [23].

The kinematic assessment of the patients motor behav-
iour was measured by means of two different motor tasks
(Figure 10) each repeated 10 times, both executed in 3 differ-
ent scenarios (Figure 11), for a total amount of 60 trials.

In the assessment exercises two spheres were displayed
in the virtual environment arranged in a planar way, in the
3 different Cartesian planes, and put at the same distance.
In the first motor task the patients were asked to touch
alternatively the internal surface of the two spheres for
10 times, trying to perform the shorter executable path.
In the second motor task the patients were asked to turn
around the external surfaces of the two spheres, designing the
narrower eight shape paths allowed by the haptics. In order to
estimate the motor behaviour changes due to the therapy, we
calculated four kinematic parameters describing the motor
task performance.

(i) Average time needed to complete every trial [s]: the
time the patient takes to execute the task he/she is
asked to do.

(ii) Average velocity [m/s] is expressed as the mean of a
proportion of the range of motion per unit time of the
executed trials.
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(a) (b)

Figure 10: The two motor tasks developed for the kinematic assessment. (a) The task of touching the spheres. (b) The eight shape path.

(a) (b) (c)

Figure 11: The three different assessment planes. (a) Sagittal. (b) Horizontal. (c) Vertical.

(iii) Jerk metric [1/s2]: this parameter is used in order to
characterize the average rate of change of acceleration
in a movement [25]. It is defined as follows:
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where 𝐽
𝑀

is the jerk metric, 𝑇 is the duration, 𝑉max
is the maximum velocity, 𝑑3𝑥/𝑑𝑡 is the jerk in 𝑥-axis,
and 𝑑3𝑦/𝑑𝑡 is the jerk in 𝑦-axis.

(iv) Normalized jerk [adim]: this parameter is a unit-
free measure, which is used to compare coordination
problems in patterns of different durations, shapes
and sizes [26].
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where 𝐽
𝑁
is the normalized jerk, T is the duration, L is the

length, 𝑑3𝑥/𝑑𝑡 is the jerk in 𝑥-axis, and 𝑑3𝑦/𝑑𝑡 is the jerk in
𝑦-axis.

2.5. MRI Acquisition. In order to explore any neurophysi-
ologic effect of the haptics on the cortical reorganization,
a functional magnetic resonance imaging (fMRI) study was
conducted on one sample patient. Scanning was on a 1.5

Tesla Philips (Achieva) scanner and included acquisition of
high-resolution anatomical images, followed by fMRI of two
side motor tasks. The patient’s hand was fixed to a special
cast by means of a binding leaving both the index fingers
free to move in flexion-extension directions. The complete
paradigm followed a block design in which 30 seconds of
flexion-extension of the index finger were followed by 30
seconds of rest. In every run the patient was asked first to fix a
black spot for 30 [s] withoutmoving (rest) and then, when the
command “move your index finger” appeared, to execute the
task continuously in flexion-extension directions for another
30 [s] (movement). These blocks were repeated four times
in every run, for a total acquisition of 120 volumes per run.
There were 4 runs in which the patient was asked to perform
the motor task, alternatively with the right and left index
fingers. Scanning parameters included 25 axial 5 [mm] thick
slices with no gap, 50 [volumes/series], TR = 2000 [ms], and
TE = 40 [ms]. An investigator observed the subject’s move-
ments during scanning to verify task compliance.

2.6. Statistical and fMRI Analysis. The descriptive data were
reported as mean and standard deviation. The analysis
focused both on clinical and kinematics outcomes. For inter-
val scales and ratio measures the variables distribution was
explored by means of the Shapiro-Wilk test and parametric
(Paired-Samples T test) or nonparametric (Wilcoxon signed-
rank test) tests were used to determine scores’ significant
changes after treatment. For ordinal data a nonparametric
(Wilcoxon signed-rank test) test was used to determine sig-
nificant changes in scores after the treatment. SPSS Statistics
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Table 2: Clinical changes due to the treatment.

Functional
scales Before treatment After treatment 𝑃 value

Fugl-Meyer
upper extremity 45.69 ± 12.88 53.77 ± 8.30 0.002a

Nine hole
pegboard test 0.21 ± 0.14 0.26 ± 0.03 0.002b

The statistical significance value was considered for 𝑃 ≤ 0.05, emphasized in
bold.
aWilcoxon signed-rank test.
bPaired-Samples 𝑡 test.

17.0 (IBM Inc. Chicago, Illinois) was used for the analysis and
statistical significance was considered at 𝑃 = 0.05. Using
SPM8 [27], the fMRI images were realigned, normalized
to MNI (Montreal Neurological Institute) space, and then
spatially smoothed (FWHM = 8mm). To estimate the cor-
tical activations a general linear model (GLM) was applied
(interscan interval: 2 s; microtime resolution: 16; microtime
onset: 1) comparing the rest and movement period for the
two fingers by means of t-contrast (𝑃 value = 0,01; extent
threshold = 20). Finally the results were displayed overlapped
on a 3D brain template.

3. Results

The sample was composed of 7 male and 8 female patients
with a mean age of 54.00 ± 18.82 years and a mean distance
from lesion of 16.59 ± 23.77 months. Six patients were
affected by a lesion in the left hemisphere and nine in the right
hemisphere. All the patients enrolled were assessed before
and after the robotics treatment and completed the treatment
protocol. No patients complained of any discomfort due to
the interaction with the haptic interface. The baseline and
posttreatment values, with their statistical significance, are
reported in Tables 2 and 3, respectively, for the clinical and
kinematics outcomes. From the explorative analysis both the
F-M UE and NHPT were normally distributed (resp., 𝑊 =
0.931, 𝑃 = 0.356 and 𝑊 = 0.969, 𝑃 = 0.887), nevertheless
the differences within group for the F-M UE was tested by
means of nonparametric statistics, as this scale is considered
an ordinal one. In the case of kinematics outcomes all the
variables were estimated as normally distributed except the
jerk normalized in both exercises (resp., Touch:𝑊 = 0, 814,
𝑃 = 0, 007; 8 shape: 𝑊 = 0, 652, 𝑃 = 0, 000) and the
time in the 8 shape exercise (𝑊 = 0, 871, 𝑃 = 0, 043). The
mean improvement on F-M UE was slightly bigger than 12%
(i.e., 8.08 pts.), representing a change close to the minimal
clinically important difference of 9 pts., reported for the F-M
UE scale [28].TheNHPT increased 19% compared to baseline
and despite the significant improvement observed, the lack of
reference values in the literaturemade unreliable speculations
on its clinical significance.

For kinematic assessment, both the mean time in trial
execution and smoothness, intended as normalized jerk,
significantly changed after the treatment, showing an opti-
mization of the trajectories’ morphology. We considered the

normalized jerk as a smoothness parameter to avoid the
differences in patients’ functionalities that affect the jerk
metric in the easiest task, as displayed in Table 3. On the
contrary, the velocity did not change significantly in both
the evaluated tasks. This evidence showed that the mean
movement velocity should not be a parameter expected to
change, in a workspace specifically designed for fingers/wrist
movement.

The fMRI analysis (Figure 12) showed that before therapy
the requested active fingermovement induced, in the affected
hemisphere, an activation of the frontal and parietal regions
(presumably depending on semantic processes activated
together with the motor area) and also an ipsilateral cortical
activation of the nonaffected hemisphere. After treatment
the ipsilateral activation almost disappeared, while, in the
affected hemisphere, all the activations were brought back to
a pattern close to the normal one, as for the right finger.

As a result, all patients showed evident improvements in
kinematic performance and scored better results in clinical
functional-scale assessment, even after a long time after
stroke. Additionally, some results shown by fMRI suggest that
the proposed approach stimulates the cortical reactivation of
the brain.

4. Discussion

Themotor therapy provided by means of the haptic interface
showed statistical significant improvements in both clinical
outcomes. As the F-MUEwas known to improve significantly
after intensive treatment focused on the upper limb, to our
knowledge this is the first time that a significant improvement
at NHPT induced by a hand robot therapy was observed
in stabilized stroke patients. Similar results were already
discussed but inmultiple sclerosis patients [29, 30], while sig-
nificant changing at NHPT in stroke patients were reported
for other rehabilitative approaches (e.g., constraint induced
movement therapy [31], botulinum toxin [32], passive joint
mobilization [33], and task oriented intervention [34]). This
result is encouraging and together with the possibility to
reproduce reliably the NHPT by haptic interfaces [35], it
unfolds new perspectives in assessing quantitatively hand
motor recovery after stoke.

For the change in kinematics, we interpreted our result as
related to the exercise specificity executed in a hand tailored
space. Our setting constrained the patients to a high finalized
interaction requiring an optimal end effector control, in this
condition others parameters, better describing movement
accuracy (such as smoothness), emerged as primary outcome
of motor performance. In fact, the velocity in natural motor
behaviour should be a movement characteristic mainly in
charge of the entire upper limb and strictly dependent from
the ability of a person to control trunk stability [36–38].
In our setting, on the contrary, the patients where well
ergonomically supported in their posture, minimizing their
voluntary control and were asked to enforce voluntary hands’
movement to accomplish the exercises.

Finally, the fMRI data supplied a strong neurophys-
iological contribution to the possibility to induce a fine
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Table 3: Kinematic changes due to the treatment.

Scenario Before treatment After treatment 𝑃 value
Touch

Time [s] 4.42 ± 1.62 2.96 ± 0.65 0.002a

Velocity [m/s] 0.076 ± 0.021 0.082 ± 0.024 0.074a

Jerk metric [1/s2] −11.82 ± 2.56 −12.76 ± 2.44 0.273a

Normalized jerk [adim] 1332.55 ± 1336.04 341.00 ± 270.02 0.006b

8-shape
Time [s] 16.64 ± 10.50 10.50 ± 3.96 0.002b

Velocity [m/s] 0.100 ± 0.022 0.089 ± 0.017 0.943a

Jerk metric [1/s2] −9.50 ± 2.49 −11.64 ± 2.15 0.012a

Normalized jerk [adim] 26304.06 ± 41387.15 7851.91 ± 21227.78 0.013b

The statistical significance value was considered for 𝑃 ≤ 0.05, emphasized in bold.
aWilcoxon signed-rank test.
bPaired-Samples 𝑡 test.
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Figure 12: Cortical activation at fMRI. The cortical activation of the healthy (a, b) and impaired (c, d, e, f) finger movements are displayed.
The activation of the right finger did not change one month later and was displayed for comparison. Before the treatment, the impaired finger
movements induced bilateral activations. After the therapy the ipsilateral activations almost disappeared, while the contralateral activation
tuned to M1 as for the healthy finger. L = left hemisphere; R = right hemisphere.

tuning of the motor cortex, by means of finalized robotics
rehabilitation devices. Previous studies [39] already have
shown how a finalized motor activity, also robot mediated
[40], induced a cortical reorganization, nevertheless in our
case it was mandatory to emphasize the continuity between
the principles driving the hardware and software haptics’
development, the motor rehabilitation protocol applied with
the patients, and the experimental paradigm provided for

the fMRI study. This data support the evidence that the
specificity of the treatment, haptics mediated, could induced
a fine tuning of themotor cortex activation, towards a normal
pattern. These are the results from a multicenter proof of
principle and feasibility study, so more data and controlled
studies are needed to confirm robust inferences. The small
sample size of the enrolled patients at this time and the
absence of a control group should be considered as limitations
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of the present study. Nevertheless clear and encouraging
results emerge from the clinical and neurophysiologic points
of view; moreover, the device safety was tested in a clinical
setting sustaining its future development.

5. Conclusions

A general framework, completely developed in MAT-
LAB/Simulink using the Handshake proSENSE Toolbox, was
tested for a five-bar linkage mechanism used as a haptic
device, for rehabilitative outcomes.The feasibility and clinical
effectiveness of the developed system for a finger/hand reha-
bilitation program have been demonstrated. The proposed
system includes a VR-based interface that allowed to evaluate
robustly the finger/hand motion, supporting realtime update
parameters and an online storage and retrieval database
during the exercise, with the possibility to objectively mea-
sure the patients finger/hand functionality, as well as to
fairly evaluate the rehabilitation program. The presented
haptic interface trains finger and hand motion, while its
application grants an excellent motor learning perspective.
Thepresented application can further be improved by extend-
ing the haptic interface to more than one finger exercise.
This type of application can provide new opportunities for
creating more efficient treatments, extending the possibilities
of success for the rehabilitation of poststroke patients. The
realization of a general-purpose haptic interface, to be used
in a multipurpose therapeutic application, is still a largely
debated issue, since it is often preferred to use small devices,
tailored around a specific pathology. This, however, leads
to a large number of devices, each of them characterized
by a different mechanical and electronic hardware. This
paper addresses the problem of a modular design of the
haptic devices for rehabilitation, in which any new device
is integrated into the haptic rehabilitation environment as
an easily designed S-function in MATLAB/Simulink. In
terms of clinical perspectives some methodological issues
should be faced in the future, extending the fMRI study
both to a large sample of patients undergoing the robot
therapy and to multiple followup in time, in order to better
understand which plastic cortex mechanism could be really
involved; designing bigger clinical trials, in order to avoid
a low statistical power; controlling this approach with other
recognized effective hands’ motor treatments, in order to
better estimate the magnitude of effectiveness.
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The wearable sensor system developed by our group, which measured lower limb angles using Kalman-filtering-based method,
was suggested to be useful in evaluation of gait function for rehabilitation support. However, it was expected to reduce variations
of measurement errors. In this paper, a variable-Kalman-gain method based on angle error that was calculated from acceleration
signals was proposed to improve measurement accuracy. The proposed method was tested comparing to fixed-gain Kalman filter
and a variable-Kalman-gainmethod that was based on accelerationmagnitude used in previous studies. First, in anglemeasurement
in treadmill walking, the proposed method measured lower limb angles with the highest measurement accuracy and improved
significantly foot inclination angle measurement, while it improved slightly shank and thigh inclination angles. The variable-gain
method based on acceleration magnitude was not effective for our Kalman filter system. Then, in angle measurement of a rigid
body model, it was shown that the proposed method had measurement accuracy similar to or higher than results seen in other
studies that used markers of camera-based motion measurement system fixing on a rigid plate together with a sensor or on the
sensor directly. The proposed method was found to be effective in angle measurement with inertial sensors.

1. Introduction

Wearable inertial sensors have been used in many studies to
estimate human kinetic data. Those sensors have advantages
of low cost, small size, and practical usefulness compared
to traditional lab tools such as optical motion measurement
system or electric goniometers. As has been reported in
previous studies, segment and joint angles [1–11], stride
length [1, 3, 5], walking speed [1, 5], gait event timing [5,
12, 13], and so on can be estimated using inertial sensors.
Therefore, a wearable inertial sensor system can be effective
for objective and quantitative evaluation in rehabilitation of
motor function. That is, inertial sensors are considered to be
suitable for clinical applications.

In our previous studies, a method of measuring lower
limb angles using wireless inertial sensors was developed to
realize simplified wearable gait evaluation system for reha-
bilitation support. The method was tested in measurement
of gait of healthy subjects [14, 15]. Although the method was

shown to have practical accuracy, measurement errors varied
depending on movement speeds or subjects. In the angle
measurement method of our previous studies, Kalman filter
was applied using angle calculated from acceleration signals.
Many other studies also used accelerometers as inclinometers
to measure inclination angles of body segments [2, 5, 7,
8]. However, the angle calculated from acceleration signals
was influenced by impact and movement accelerations, since
the angle was calculated from gravitational acceleration.
Therefore, those impact and movement accelerations can be
considered as one of the causes of variation of measurement
error.

Low-pass filtering of acceleration signals is one of the
methods to reduce influences of those impact and motion
accelerations. In our previous studies, outputs of accelerom-
eter were filtered with Butterworth low-pass filter with cutoff
frequency of 0.5Hz [14, 15]. However, low cutoff frequency
is at risk for increasing measurement error because of its
large time constant in the low-pass filtering. Therefore,
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using higher cutoff frequency has a possibility to improve
measurement error.

In this paper, in order to reduce influences of impact
and movement accelerations in calculation of angles using
Kalman filter, a variable-Kalman-gain method with higher
cutoff frequency for the low-pass filtering was tested. In
previous studies, a method to change Kalman gain based on
the magnitude of acceleration signals was used [9, 16]. How-
ever, in this study, the method to change Kalman gain based
on error of angle calculated from acceleration signals was
proposed. This is because the Kalman filter of our system is
applied using the angles calculated from acceleration signals.

The variable-gain method was evaluated in measurement
of lower limb angles of healthy subjects in treadmill walking
using a camera-based motion measurement system to mea-
sure reference angles for evaluation. The fixed-Kalman-gain
method and the variable-gainmethod based onmagnitude of
acceleration signals were compared to the proposed method.
Then, similar evaluation was performed in measurement of
angles of a rigid body model, because some other studies
evaluated angle measurement method with inertial sensors
using a rigid plate that fixed a sensor together with markers
of an optical motion measurement system or attaching the
markers directly on the sensor [4, 8, 10, 11].

2. Angle Measurement Method Based on
Kalman Filter

2.1. Fixed-Kalman-Gain Method. Figure 1(a) shows the block
diagram of the angle measurement method used in our
previous studies. An inclination angle of body segment is
calculated by integrating an output of a gyroscope. Here,
the integration error is corrected by Kalman filter using the
angle calculated fromoutputs of an accelerometer.Then, joint
angle is calculated from difference of inclination angles of the
adjacent segments.

The state equation is represented by error of angle
measured with a gyroscope Δ𝜃 and bias offset of outputs of
the gyroscope Δ𝑏 as follows:

[

Δ𝜃
𝑘+1

Δ𝑏
𝑘+1

] = [

1 Δ𝑡

0 1
] [

Δ𝜃
𝑘

Δ𝑏
𝑘

] + [

Δ𝑡

1
]𝑤, (1)

where 𝑤 is error in measurement with the gyroscope and Δ𝑡
is sampling period. Observation signal is deference of angles
obtained from the gyroscope and an accelerometerΔ𝑦, which
is given by

Δ𝑦
𝑘
= [1 0] [

Δ𝜃
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𝑘

] + V, (2)

where V is error in measurement with the accelerometer. On
this state-space model, Kalman filter repeats corrections (3)
and predictions (4):
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where 𝐾
1
and 𝐾

2
represent Kalman gain for Δ𝜃 and Δ𝑏,

respectively. Notations such as Δ̂𝜃 and Δ̂𝜃− represent esti-
mated value and predicted value for Δ𝜃, respectively. For the
initial condition,Δ̂𝜃−

0
was set as 0, andΔ̂𝑏−

0
was set asΔ̂𝑏 at the

last measurement. The Kalman filter was applied repeatedly
until its output converged.

Values of Kalman gain were fixed in angle calculation in
our previous studies.Those gain values are determined by the
noise ratio, that is, the ratio of the covariance of observation
noise and covariance of process noise. In our system, value
of Kalman gain increases as the noise ratio decreases and
decreases as the noise ratio increases.

As shown in (3) and (4), the Kalman filter estimates
Δ𝜃 and Δ𝑏 by using the angle difference Δ𝑦. Therefore,
large value of Kalman gain (small noise ratio) means that
calculation results become highly dependent on accelerom-
eter, while small Kalman gain (large noise ratio) means that
calculation results become highly dependent on gyroscope.
Considering power of the correction by Kalman filter, values
of the noise ratio were determined by trial and error method.

2.2. Variable-Kalman-Gain Method. The fixed-Kalman-gain
method shown in the previous section was found to be useful
in measurement of angles during gait of healthy subjects
[14, 15]. However, impact and movement accelerations were
considered to increase measurement error and its variation.
That is, those accelerations are considered to cause inappro-
priate correction by the Kalman filter. As described in the
previous section, Kalman gainmeans correction power of the
Kalman filter.Therefore, in this paper, following twomethods
of changing the noise ratio to determine Kalman gain were
tested.

(a) Acceleration Magnitude-Based Method. Figure 1(b) shows
the variable-gain method based on acceleration magnitude,
which was introduced in reference to previous studies [9, 16].
Value of the noise ratio is adjusted based on the magnitude of
impact and motion acceleration signals. Here, the magnitude
of impact and motion acceleration signals was calculated by
subtracting gravitational acceleration (1 G) from magnitude
of measured acceleration vector. That is, the value of noise
ratio is varied as follows:

𝑛 = 𝑛
1
, for |𝛼| ≤ 𝛼1,

𝑛 = 𝑛
2
, for 𝛼

1
< |𝛼| ≤ 𝛼2

,

𝑛 = 𝑛
3
, for 𝛼

2
< |𝛼| ≤ 𝛼3

,

𝑛 = 𝑛
4
, for 𝛼

3
< |𝛼| ,

(5)

where 𝑛 and |𝛼| represent the noise ratio and the magnitude
of impact and motion acceleration signals, respectively. 𝛼

1
,

𝛼
2
, and 𝛼

3
show thresholds to change the value of noise ratio,

respectively.

(b) Angle Error-Based Method. Figure 1(c) shows the method
proposed in this paper, in which the noise ratio is adjusted
based on the difference between the angle estimated by the
Kalman filter and the angle calculated from acceleration sig-
nals. Here, the angle difference was used approximately as the
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(a) Fixed Kalman gain method (b) Variable-Kalman-gain method based on acceleration magnitude
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Figure 1: Block diagrams of the angle calculation methods using Kalman filter tested in this paper.

magnitude of influence of impact and motion accelerations.
That is, it was assumed that the angle difference involves
substantial error of angle calculated fromacceleration signals,
which is caused by impact and movement accelerations. The
value of noise ratio is varied as follows:
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(6)

where, 𝑛 and |̂𝜃 − 𝜃acc| represent the noise ratio and the
angle difference between the angle estimated by the Kalman
filter ̂𝜃 and the angle calculated from acceleration signals 𝜃acc,
respectively. The angle difference |̂𝜃 − 𝜃acc| shows approx-
imately the magnitude of influence of impact and motion
accelerations. 𝜃

1
, 𝜃
2
, and 𝜃

3
show thresholds to change values

of the noise ratio, respectively.

3. Methods of Validation Tests

Theangle calculationmethods were applied to datameasured
with inertial sensors and evaluated in comparison to those
angles measured with an optical motion measurement sys-
tem. First, the evaluation was performed in measurement of
lower limb angles in treadmill walking with healthy subjects.
Then, angles of a rigid body model were measured for eval-
uation of the methods, because some other studies evaluated
their angle measurement method with inertial sensors using
the rigid plate that fixed a sensor together with markers of an
optical motion measurement system [4, 8, 10, 11].

3.1. Measurement of Lower Limb Angles in Treadmill Walk-
ing. Inclination angles of lower limb segments in treadmill
walking were measured with 3 healthy subjects (male, 22-23
y.o.). The subjects walked on a treadmill for about 90 sec at

speeds of 1 km/h (slow), 3 km/h (normal), and 5 km/h (fast).
Five trials were performed for each walking speed.

Sevenwireless inertial sensors (WAA-006,Wireless Tech-
nologies) were attached on the feet, the shanks and the
thighs of both legs, and lumbar region with stretchable bands
(Figure 2(a)). The sensors were put inside of pocket of the
band. Acceleration and angular velocity signals of each sensor
weremeasured with a sampling frequency of 100Hz andwere
transmitted to a PC via Bluetooth network.

The optical motion measurement system (Optotrak,
Northern Digital, Inc.) was used to measure reference data
for evaluating angles calculated by the methods from data
measuredwith the inertial sensors.Markers for reference data
were attached on the left side of the body (Figure 2(a)). The
maker positions weremeasured with a sampling frequency of
100Hz.

3.2. Measurement of Angles with a Rigid Body Model. Fig-
ure 2(b) shows the schematic diagramof the rigid bodymodel
used in the measurement. The rigid body model simulated
motion of the thigh, the shank, and the knee joint.The optical
motion measurement system (Optotrak, Northern Digital,
Inc.) was also used to measure reference data for evaluating
the angle calculation method. Sensors and markers were
attached on the rigid body model as shown in Figure 2(b).
Acceleration and angular velocity signals of each sensor and
themarker positionsweremeasuredwith sampling frequency
of 100Hz.

Inclination angles of the thigh and the shank parts were
measured for 35 sec with angle ranges of ±15, ±30, ±45,
±60, and ±75 deg for the thigh part. Zero degree means the
direction of gravitational force. The shank part was moved
freely associated with movement of the thigh part. The cycle
period of the movements was 2 sec, and five trials were
conducted for each target angle range.

4. Results of Validation Tests

Two variable-Kalman-gain methods were evaluated in com-
parison to the previous fixed-Kalman-gain method. Here, for
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Figure 2: Experimental setup for the angle measurement during treadmill walking (a) and the angle measurement using rigid body model
(b). M1: the acromion, M2: along the long axis of the trunk at the same height as the iliospinale anterius, M3: the great trochanter, M4: the
lateral femoral condyle, M5: the caput fibulae, M6: the lateral malleolus, M7: the metatarsale fibulare, and M8: on the foot at the same height
as the metatarsale fibulare along the line of shank markers.

the fixed-gainmethod, values of the noise ratio 𝑛 to determine
Kalman gain and the cutoff frequency of Butterworth low-
pass filter for acceleration signals 𝑓

𝑐
are shown below.

Method 1 (previous fixed Kalman gain method)

𝑛 = 10
6
, 𝑓

𝑐
= 0.5Hz. (7)

Method 2 (fixed Kalman gain method)

𝑛 = 10
6
, 𝑓

𝑐
= 10Hz. (8)

Method 1 is the previous method used in our research group,
in which the noise ratio of Kalman filter was fixed and
cutoff frequency of the low-pass filter for acceleration signals
was determined to remove impact and motion accelerations.
Method 2 is the fixed-Kalman-gain method with higher
cutoff frequency of the low-pass filter, which was tested
to make clear the influence of low cutoff frequency on
measurement error.

Therewas offset difference between the sensor system and
camera-based motion analysis system, because the markers
for the reference signals were not attached on the sensors.
Therefore, the difference was calculated as the mean value of
the first 100 samples of the 1st measurement and removed the
value for evaluation. Then, root mean squared error (RMSE)
and correlation coefficient (𝜌) between measured angles with
sensors and reference values were calculated for evaluating
measurement accuracy. In this paper, inclination angles of
lower limb segments in the sagittal plane were evaluated.

4.1. Measurement of Lower Limb Angles in Treadmill Walking.
For the variable-Kalman-gain methods, values of the noise
ratio 𝑛 and threshold values were determined by trial and
error as shown below.

Method 3 (variable-gain method based on accelera-
tion magnitude)

𝑛 = 10
4
, for |𝛼| ≤ 20mG,

𝑛 = 10
6
, for 20mG < |𝛼| ≤ 300mG,

𝑛 = 10
8
, for 300mG < |𝛼| ≤ 1G,

𝑛 = 10
13
, for 1G < |𝛼| .

(9)

Method 4 (variable-gain method based on angle
error)

𝑛 = 10
4
, for 


̂
𝜃 − 𝜃acc





≤ 1 deg,

𝑛 = 10
6
, for 1 deg < 



̂
𝜃 − 𝜃acc





≤ 15 deg,

𝑛 = 10
8
, for 15 deg < 



̂
𝜃 − 𝜃acc





≤ 60 deg,

𝑛 = 10
13
, for 60 deg < 



̂
𝜃 − 𝜃acc





.

(10)

Here, the cutoff frequency of the low-pass filter for accelera-
tion signals 𝑓

𝑐
was 10Hz for both methods.

Figures 3 and 4 show RMSE values and 𝜌 values of mea-
sured inclination angles, respectively. The proposed variable-
gain method (Method 4) showed the smallest average RMSE
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Figure 3: Evaluation results of RMSE of measured inclination angles during treadmill walking. Average values obtained from the results of
5 trials of all subjects are shown for each walking speed.

values and the largest 𝜌 values for all of measurement
conditions. Method 4 achieved average RMSE values of less
than 3.0 deg except for thigh angle at fast walking speed and
average values of correlation coefficient larger than 0.994 for
all the measurement conditions.

The measurement accuracy of foot inclination angle was
improved significantly with Method 4 for all walking speeds
comparing to the results of Method 1 used in our previous

studies (Figures 3(a) and 4(a)). For the shank and the thigh
inclination angles, slight improvement of RMSE values and
𝜌 values was shown for all walking speeds with Method 4
compared to the results of Method 1 (Figures 3(b), 3(c) and
4(b), 4(c)).

The values of RMSE with Method 2 (fixed-gain method
with higher cut-off frequency) decreased compared to the
results of Method 1 in all the segments at slow walking
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Figure 4: Evaluation results of correlation coefficient (𝜌) of measured inclination angles during treadmill walking. Average values obtained
from the results of 5 trials of all subjects are shown for each walking speed.

speed. However, at normal and fast walking speeds, the
values of RMSE with Method 2 increased compared to the
results of Method 1. Method 3 (variable-gain method based
on acceleration magnitude) reduced measurement accuracy
especially for fast waking speed and for foot inclination angle.

4.2. Measurement of Angles Using Rigid Body Model. The
parameter values used for Methods 3 and 4 are shown below.

Method 3 (variable-gain method based on accelera-
tion magnitude)

𝑛 = 10
4
, for |𝛼| ≤ 10mG,

𝑛 = 3 × 10
6
, for 10mG < |𝛼| ≤ 200mG,

𝑛 = 10
7
, for 200mG < |𝛼| ≤ 400mG,

𝑛 = 2 × 10
7
, for 400mG < |𝛼| .

(11)
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Figure 5: Evaluation results of RMSE of measured inclination angles using rigid body model. Average values obtained from the results of 5
trials are shown for each target angle range.
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Figure 6: Evaluation results of correlation coefficient (𝜌) of measured inclination angles using rigid body model. Average values obtained
from the results of 5 trials are shown for each target angle range.

Method 4 (variable-gain method based on angle
error)

𝑛 = 10
4
, for 


̂
𝜃 − 𝜃acc





≤ 1 deg,

𝑛 = 3 × 10
6
, for 1 deg < 



̂
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≤ 20 deg,

𝑛 = 10
7
, for 20 deg < 



̂
𝜃 − 𝜃acc





≤ 30 deg,

𝑛 = 2 × 10
7
, for 30 deg < 



̂
𝜃 − 𝜃acc





.

(12)

Here, the cutoff frequency of the low-pass filter for acceler-
ation signals 𝑓

𝑐
was 10Hz for both methods. The parameter

values of Methods 3 and 4 were changed from those values in

angle measurement with human subjects, since magnitude of
impact and motion acceleration signals and angle difference
|
̂
𝜃 − 𝜃acc| were smaller than that in the measurement with
human subjects.

Figures 5 and 6 show RMSE values and 𝜌 values of mea-
sured inclination angles, respectively. The proposed variable-
gain method (Method 4) showed highest measurement
accuracy almost for all the target angle ranges. Average
values of RMSE and correlation coefficient with Method 4
were less than 1.5 deg and larger than 0.9975, respectively.
Although Methods 2 and 3 were also effective to improve
measurement accuracy, Method 3 could not improve shank
angle in movements of target angle range of ±15 deg and
±30 deg.
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reference angle and angle calculated from acceleration signals, respectively. The 𝑥-axis shows the gait cycle. The toe off, the heel contact, and
the foot flat are represented by TO, HC, and FF, respectively.

5. Discussion

The proposed variable-Kalman-gain method (Method 4)
measured lower limb angles in treadmill walking with the
smallest average values of RMSE and the largest average val-
ues of correlation coefficient. In particular, Method 4 showed
significant improvement in calculation of foot inclination
angle in treadmill walking compared to our previous method
(Method 1). It is a useful result that measurement accuracy
of foot inclination angle was improved, because evaluation
of foot movements in walking is important for gait of motor
disabled subjects and elderly persons. In measurement of
shank and thigh angles, values of the noise ratio were not
so greatly varied, since magnitude of the angle difference
|
̂
𝜃 − 𝜃acc| did not fluctuate significantly during movements.
This is one of the reasons why improvement of measurement
accuracy was not so large in shank and thigh angles with
Method 4.

The proposed variable-Kalman-gain method (Method 4)
was highly effective in calculation of foot inclination angle.
Figure 7 shows the reference and calculated foot inclination
angles of one gait cycle at normal walking speed. As seen
in Figure 7, the calculated angle with Method 4 was almost
equal to that with Method 1 between around the TO and
the HC in the swing phase. Method 4 improved angle
calculation between around the FF and the TO in the stance
phase. It is considered that the sensor attached on the foot
was close to the stationary state at around the FF. At that
time, the variable-Kalman-gain method corrected the angle
significantly increasing values of Kalman gain (decreasing
noise ratio), since the angle difference |̂𝜃 − 𝜃acc| was small
as the influence of impact and movement accelerations was
small. It is possible to decrease angle measurement error
between the FF and the TO by reducing noise ratio with
Method 1. However, in that case, angle error between around
the TO and the HC is increased by the influence of impact
andmovement accelerations.Method 4 reducedKalman gain

effectively at around the TO and the HC, since the angle
difference |̂𝜃 − 𝜃acc| increased.Therefore, the Method 4 could
be effective especially in foot angle measurement, decreasing
the influence of impact and motion accelerations.

As shown in Figure 3, RMSE values of measured incli-
nation angles in treadmill walking with Method 2 decreased
at slow walking speed compared to the results of Method 1
in all segments. In addition, as shown in Figure 5, RMSE
values ofmeasured inclination angles of the rigid bodymodel
with Method 2 decreased at all target angle ranges compared
to the results of Method 1 for both segments. These suggest
that very low cutoff frequency for the low-pass filtering of
the acceleration signal increasesmeasurement error if impact
and movement accelerations are not so large. The cause of
error increases in treadmill walking at the normal and fast
walking speeds with Method 2 is considered to be influences
of impact and motion accelerations. It is considered that
although 0.5Hz of cutoff frequency is reasonable value for
removing impact and motion accelerations in angle calcula-
tion of human gait, error increase is caused by the large delay
in the low pass filtering.

The variable-gain method based on acceleration magni-
tude (Method 3) did not show improvement of measurement
accuracy of lower limb angles of human gait. For most of
measurement conditions, average values of RMSE increased,
and those of correlation coefficient decreased.The parameter
values that are good for changing Kalman gain used in (9)–
(12) were determined by trial and error method for both
variable-gain methods. Although there is a possibility of
improving measurement accuracy with Methods 3 and 4, the
results of this paper suggest that the proposed method of
changing the Kalman gain based on angle error was more
suitable to the Kalman filter used in our system than that
based on acceleration magnitude.

In angle measurement of the rigid body model, the
values of RMSE with Method 4 were less than 1.5 deg for
all segments and all target angle ranges. Those RMSE values
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Figure 8: Average values of RMSE of measured inclination angles during treadmill walking calculated by using Methods 4 and 5.

showmeasurement accuracy similar to or higher than results
seen in other studies that used markers of camera-based
motion measurement system fixing on a rigid plate together
with the sensor or on the sensor directly [4, 8, 10, 11]. It is
considered that the proposed variable-gain method became
effective in measurement of human gait.

In the proposed variable-gain method, influence of
impact and motion accelerations was approximately repre-
sented by |̂𝜃 − 𝜃acc|. Here, the approximation was validated
by comparing to results of using |𝜃ref − 𝜃acc| as shown
in Figure 8, in which 𝜃ref shows reference value measured
with the camera-based motion measurement system. In the
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Figure 9: Relationships between the noise ratio and the angle difference used in the test of influence of the noise ratio.

comparison, the noise ratio (Kalman gain) was determined as
continuous value by the followings from the angle difference.

Method 4:

𝑛 = 10
4
𝑒
0.46⋅|𝜃−𝜃acc|

. (13)

Method 5:

𝑛 = 10
4
𝑒
0.46⋅|𝜃ref−𝜃acc|

. (14)

Here, (13) and (14) were derived by linear approximation of
discrete values of the noise ratio 𝑛 in (10). That is,

log 𝑛 = 𝑎𝑥 + log 𝑏, (15)

where 𝑎 and 𝑏 represent constant values and 𝑥 represents
the angle difference. The constant value 𝑎 was determined
to decrease RMSE values by trial and error method, and
𝑏 was set 104 from (10). As shown in Figure 8, for foot
inclination angles, measurement results with Method 5 were
similar to the results with Method 4 for all walking speeds.
Measurement results for the shank and the thigh inclination
angles were improved for all walking speeds with Method
5 using reference values. Average values of RMSE with
Method 5 were less than 3.0 deg for all walking speeds and
all segments. This result suggests that the proposed variable-
Kalman-gain method based on angle error is effective to
improve measurement accuracy of angle during human gait.
It is also suggested that measurement accuracy with Method
4 can be improved if error in |̂𝜃 − 𝜃acc| is reduced.

Angle measurement accuracy depends on the noise ratio.
In this paper, parameter values to calculate values of noise
ratio used in (9)–(14) were determined to decrease RMSE
values by trial and errormethod. Here, different relationships
between the noise ratio and the angle difference described
by (14) were examined. Figures 9 and 10 show the tested
relationships and results of their measurement accuracy,
respectively. Method 5 used smaller noise ratio and Method
5 used larger noise ratio than Method 5. In Figure 10, the
results obtained by Method 1 (fixed-gain method) are also
shown. The RMSE values were decreased with variable-gain

method in any parameter setting compared to the fixed-
gain method. However, Method 5 (smaller noise ratio)
showed larger RMSE values than Method 5 for all the
measurement conditions. It is considered that the influence
of impact and movement accelerations was not decreased
sufficiently with Method 5 because of large value of Kalman
gain (small noise ratio). On the other hand, RMSE values
with Method 5 (larger noise ratio) were similar to that
of Method 5 for almost all the measurement conditions.
However, Method 5 has a tendency to increase RMSE values
of the thigh and the shank inclination angles for the fast
walking speed. Therefore, further studies on the method to
determine appropriateKalman gain are expected. In addition,
this paper focused only on the error of angle calculated from
acceleration signals in determination of Kalman gain. It is
considered that the noise ratio also depends on magnitude
of the offset drift of gyroscope. This is also required to be
studied more for measurement of angles with the variable-
gain Kalman filter. Finally, the proposed variable-Kalman-
gain method was validated in measurement of inclination
angles of lower limb segments in the sagittal plane in this
paper. It is expected to show the effectiveness of the proposed
method in measurement of 3 dimensional angles.

6. Conclusion

In this paper, variable-gain Kalman filter was tested to
improve measurement accuracy of lower limb angles during
gait, in which two calculation methods of Kalman gain were
compared to fixed-gain Kalman filter. In measurements of
lower limb angles of healthy subjects in treadmill walking
and that of angles of a rigid body model, the variable-
gain method based on the angle difference proposed in
this study showed the highest measurement accuracy for
most of measurement conditions. In particular, the proposed
variable-gain method improved significantly measurement
accuracy of foot inclination angle in human gait. On the
other hand, measurement results of the shank and the thigh
inclination angles show slight improvement of measurement
accuracy. The proposed variable-gain method was found to
be effective in angle measurement with inertial sensors. The
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Figure 10: Average RMSE values of measured inclination angles during treadmill walking calculated by fixed-gain method (Method 1) and
variable-gain method with 3 different parameter settings for the noise ratio.

results also suggested that more accurate measurement can
be realized by improving estimation accuracy of the angle
difference |𝜃ref − 𝜃acc|. Further studies on this point and to
find appropriate method to determine Kalman gain using the
angle difference and other parameters are expected.
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Evaluation of balance control ability would become important in the rehabilitation training. In this paper, in order to make clear
usefulness and limitation of a traditional simple inverted pendulum model in balance prediction in sit-to-stand movements, the
traditional simplemodel was compared to an inertia (rotational radius) variable inverted pendulummodel includingmultiple-joint
influence in the balance predictions. The predictions were tested upon experimentation with six healthy subjects. The evaluation
showed that themultiple-joint influencemodel ismore accurate in predicting balance under demanding sit-to-stand conditions. On
the other hand, the evaluation also showed that the traditionally used simple inverted pendulummodel is still reliable in predicting
balance during sit-to-stand movement under non-demanding (normal) condition. Especially, the simple model was shown to be
effective for sit-to-stand movements with low center of mass velocity at the seat-off. Moreover, almost all trajectories under the
normal condition seemed to follow the same control strategy, in which the subjects used extra energy than the minimum one
necessary for standing up. This suggests that the safety considerations come first than the energy efficiency considerations during
a sit to stand, since the most energy efficient trajectory is close to the backward fall boundary.

1. Introduction

Lower limb motor functions are important for the activities
of daily living (ADL), participating in social activities, and
preventing bedridden state.Therefore, rehabilitation training
of sit-to-stand movement is considered to be the first step
to prevent motor-disabled patients and elderly people from
being bedridden. In the rehabilitation, joint angle trajectories
and/or joint torques are commonly measured for evaluation
of motor function. During lower limb movement, however,
balance control is also required for developing the movement
safely. Since sit-to-stand movement requires control of sta-
bility in addition to muscular strength [1, 2], balance control
ability in sit-to-stand movement should also be evaluated in
rehabilitation training.

Bipedal balance has been studied since it is expected to
have important applications in preventing health problems
associated with falls [3–6] and in designing better and safer
rehabilitation techniques for lower limb function impairment

[7]. Bipedal dynamic stability has also been studied as the
ability to restore static balance [8, 9]. In those studies, it has
been theoretically shown that the ability to restore balance is
described by conditions of the center of mass (CM) velocity-
position with respect to the base of support (BOS).

In order to calculate these BOS-CM conditions for
predicting the ability to control gait balance, those previous
studies modeled human bipedal gait as a single joint, simple
inverted pendulum [3, 6, 8, 9]. Based on themethod using the
simple inverted pendulum model, dynamic balance during
sit-to-stand movement has also been studied [10–12]. How-
ever, sit-to-stand movements have multiple joint interactions
that present significant variation of the CM rotational radius
of the inverted pendulum model. In spite of the aspect of
sit-to-stand movements, it has not been studied sufficiently
if a simple inverted pendulum would suffice to describe the
balance in the sit-to-stand movements or not.

In this paper, in order to make clear usefulness and
limitation of the traditional simple inverted pendulummodel
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Figure 1: The inverted pendulum used for modeling sit-to-stand movement in the sagittal plane. Note that the length 𝑙 is constant for the
traditional simple inverted pendulum model and is represented by a function of the angle 𝜃 in order to include multiple-joint influence for
the complex model used in this paper.

in balance prediction in sit-to-stand movements, the balance
prediction obtained by the method of using the traditional
simple model was compared to the prediction of a complex
model that included multiple-joint influence. Here, since
a telescopic pendulum model has been shown to be no
less informative thanmore demanding multisegment models
[13], an inertia variable inverted pendulum model, in which
rotational radius was varied during sit-to-stand movement,
was used as the complex model. The model predictions
were tested upon experimentation bymeasuring sit-to-stands
performed by healthy subjects. In addition, normal sit-to-
standCM trajectories were discussed from themeasured data
for evaluating balance control ability.

2. Methods

2.1. Outline of Balance Prediction. In the sit-to-stand move-
ment, the center of mass (CM) velocity-position is in a given
initial state when the subject leaves the chair. Then, the task
of sit-to-stand consists of stopping the CM somewhere over
the base of support (BOS) while satisfying the restrictions
imposed by the friction coefficient, the foot geometry, max-
imum and minimum physiological ankle torque, and the
condition that the foot segment should not move.

The sit-to-stand balance control feasibility can be calcu-
lated by finding all the CMvelocity-position conditions when
leaving the chair that allow the CM to arrive and stop over the
base of support using the inverted pendulum model shown
in Figure 1 with the maximum ankle plantar flexion and the
maximum ankle dorsiflexion. The results were plotted in the
form of a map as shown in Figure 2, in which the solid lines
are the theoretical balance control boundaries. The upper
boundary is the trajectory where the subject manages to stop
the CM just over the toe using maximum plantar flexion, and
therefore velocity-position conditions over the top boundary
would result in a forward fall. The lower boundary is the
trajectory where the subjectmanages to take the CM just over
the heel using maximum dorsiflexion, and velocity-position

0 0.5 1.0 1.5
0

0.5

1.0

1.5

2.0 2.5 3.0 3.5
Normalized CM position 

N
or

m
al

iz
ed

 C
M

 v
el

oc
ity

 (1
/s

)

Forward
fall

Backward
fall

Stable
area

Figure 2: An example of the dynamic balance condition obtained
through a simple inverted pendulum.The horizontal axis represents
the posterior position of the CM, measured with respect to the toe
andnormalized to the subject’s foot length (thus the 0 and 1 represent
the toe and heel position, resp.). The vertical axis represents the
anterior velocity of the CM normalized to the subject’s height. The
solid lines enclose the CM velocity-position conditions that allow
recovering static balance (gray-shaded area), that is, the dynamic
balance conditions. The broken line represents the most energy-
efficient trajectory (zero external torque).

conditions below the bottom boundary would result in a
backward fall. The broken line shows the conditions that
would allow recovering static balance without using ankle
torque after the seat-off.

2.2. Models. The inverted pendulum model with a static
support segment (Figure 1) has a physical state that can
be described with two variables, the angle and the angular
velocity. If the joint torque is known, the behavior of the
pendulum is completely described. However, in order to
maintain the conditions of no support segment movement,
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this torque is subjected to several physical constraints. Re-
writing every torque constraint as a function of the state
variables, it is possible to find the torque ranges for every
possible state of the system (see appendix for details). These
torque ranges will be the allowed control ranges and therefore
can be used to simulate the pendulum movement and to
measure the controllability of the system. The models used
in this paper for balance prediction in sit-to-standmovement
are described below (see appendix for details).

2.2.1. Simple Inverted Pendulum Model. In previous studies,
a simple inverted pendulum model with constant pendulum
length 𝑙 was used in Figure 1 for predicting the ability to
control gait balance, since it had no redundancy and only
one degree of freedom. A biped can be modeled by a support
segment (foot) that does not move and the rest of the body
that rotates around the ankle. Previous studies on dynamic
balance during sit-to-stand movement also used the simple
inverted pendulum model [10–12]. The total external torque
measured with respect to the ankle 𝜏 is equal to the time
variation of the angular momentum of the body. This was
described by the following [8]:

∑𝜏 =

𝑑

𝑑𝑡

(𝐼
̇
𝜃) . (1)

That is,

𝜏 − 𝑚𝑔𝑙 cos 𝜃 = 𝑚𝑙2 ̈𝜃, (2)

where 𝐼, 𝜃,𝑚, 𝑔, and 𝑙 stand for the CM rotational inertia, the
angle of rotation of the CM, the body mass, the gravitational
acceleration, and the pendulum length, respectively.

2.2.2. Inertia (Rotational Radius) Variable Inverted Pendulum
Model. In this paper, the methodology presented by Pai and
Patton [8]was expanded for predicting balance in sit-to-stand
movement. Since the CM rotational radius of the inverted
pendulum model (𝑙 in Figure 1) varies significantly in the
sit-to-stand movement due to multiple joint interactions, a
telescopic inverted pendulum model [13] that was shown to
be useful to represent movements including multiple joint
interactionswas used.Here, variation of rotation radius of the
pendulum was represented by variation of the CM rotational
inertia 𝐼(𝑡). Therefore, the total external torque measured
with respect to the ankle 𝜏 can be written as the following
equation:

∑𝜏 =

𝑑

𝑑𝑡

(𝐼
̇
𝜃) =

𝑑𝐼

𝑑𝑡

̇
𝜃 + 𝐼

𝑑
̇
𝜃

𝑑𝑡

. (3)

Assuming that the different joints of the body move syn-
chronized for a given movement, it is possible to define the
rotational inertia of the body as a function of the rotational
angle of the CM 𝐼(𝜃). This assumption leads to the following
equation:

𝜏 − 𝑚𝑔𝑙 cos 𝜃 = 𝑑𝐼 (𝜃)

𝑑𝜃

̇
𝜃
2
+ 𝐼 (𝜃)

̈
𝜃. (4)

By defining the total body inertia as only a function of the
rotational angle, the pendulummodel reduces to a one degree
of freedom system.Thus, it becomes possible to use the same
methodology developed by Pai and Patton [8] to predict
balance in the sit-to-stand movement.

It is important to mention that the inclusion of the inertia
(rotational radius) variation affects not only the rotational
movement equation (3), but also all the constraints equations
(refer to the appendix).

2.3. Experimental Methods. Six healthy male subjects (25.3 ±
7.7 years old) participated in measurements of sit-to-stand
movements for determination of their inertia function and
for evaluation of the balance predictions. The CM velocity-
position was estimated by measuring the position of the
head, trunk, thigh, shank, and foot segments and estimating
their mass distribution from the subject’s weight [14]. The
arm position was not used because a preliminary experiment
performed in our study showed that it did not have much
influence on the CMposition calculation. It was assumed that
themass of each segmentwas uniformly distributed in each of
the segments, and therefore the CM of a given body segment
would be at the center of each of the segments. The body CM
can be finally calculated from the position of the CM of all
the segments.

Experimental data were recorded using 15 reflective
markers with an 8-camera, 3D motion analysis system at a
data sampling rate of 120Hz (Vicon, Oxford Metrics, UK).
Force plates were used for finding the timing of seat-off.
All the theoretical balance predictions were calculated using
MATLAB (Math Works, Inc., USA).

First, every subject was asked to perform two self-
selected most natural sit-to-stands, to measure their sit-to-
stand inertia function. The rotational inertia function was
estimated by assigning the measured CM rotational radius
(𝑙(𝜃)) to the rotational angle (𝜃):

𝐼 (𝜃) = 𝑚𝑙(𝜃)
2
, (5)

𝑙 (𝜃) = 𝑎
0
𝜃
3
+ 𝑎
1
𝜃
2
+ 𝑎
3
𝜃 + 𝑎
4
. (6)

Here, 𝑎
0
∼ 𝑎
4
are parameters to approximate measured CM

rotational radius. These functions were used to calculate the
balance predictions during the sit-to-stand by the complex
model that included multiple-joint influence.

Next, the subjects were asked to stand up at different
initial conditions of the CM position which in turn will lead
to different initial conditions of the CM velocity-position
when the subject leaves the chair. In order to create different
velocity-position CM conditions at the seat-off, the horizon-
tal position of the feet was varied while sitting. The feet were
shifted −0.2∼1.2 foot lengths forward from the foot position
where the ankle was at 90 degree, since those distances were
showed to include successful and not successful stand ups.
Every subject was asked to perform a total of 23 to 25 sit-
to-stands. It is important to note that the actual position
of the feet is rather unimportant since the real important
information will be the horizontal BOS-CM distance that is
precisely known from the markers position measurements.
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Figure 3: An example of balance control prediction for normal sit-to-stand conditions (a) and demanding sit-to-stand conditions (b) (subject
C).The solid lines show the boundaries for sit-to-stand balance control calculated with the inertia variablemodel, while the broken lines show
the boundaries calculated with a simple inverted pendulummodel.The open circles represent the successful sit-to-stand data while the closed
circles represent the unsuccessful sit-to-stand data. In order to consider a data to be stable, the whole error bar on the point should be inside
the boundaries.

3. Results

The BOS-CM horizontal position was gradually increased
to demanding standing up conditions for every subject. A
threshold of the BOS-CM horizontal distance of the first
unsuccessful sit-to-stand was set to divide the data into two
groups. The first group would be the conditions where every
subject was able to make a successful sit-to-stand (normal
condition). The second group would be all the data after
the threshold (demanding condition), which was used for
evaluating the theoretical balance predictions since it would
include unstable sit-to-stand movements. From the results,
the sitting BOS-CM horizontal distance threshold was 2.48
foot length. A total of 146 sit-to-stand measurements were
performed, but due to markers disappearances or subjects’
mistakes (BOS movement), 127 valid sit-to-stands were ana-
lyzed, in which 80 sit-to-stands were classified as the normal
condition and 47 sit-to-stands as the demanding one.

Figure 3 shows an example of the balance control pre-
dictions calculated for one of the subjects. The plots on
the maps show the CM velocity-position conditions of the
measured sit-to-stands at the seat-off. The horizontal line in
every data plot shows the error of the CMposition estimation
(±1.5 cm), which was calculated from the standard deviation
of the mass distribution of the biomechanical model used
to estimate the mass of each segment of subjects [14]. Data
were considered to be stable only if the whole error bar was
inside the boundaries. The results for all the subjects were
that both the simple inverted pendulum model method and
the inertia variable model method correctly classified all the

80 normal sit-to-stands as seen in Figure 3(a). As for the
47 demanding sit-to-stands, the complex model including
multiple-joint influence showed a stability sensitivity of 100%
and a specificity of 82.4% in the balance prediction. For the
same data, the simple inverted pendulum prediction showed
a sensitivity of 100%, but a specificity of 41.2%.

From the 80 normal sit-to-stands measured, it was found
that 72 (90%) of them had extra kinetic energy compared to
the (calculated) zero torque trajectory, while the other 8 data
were almost on their zero torque trajectories crossing the zero
torque condition after leaving chair. Figure 4 shows all of the
72 trajectories divided by the subject and plotted over their
corresponding stability map. The broken line shows the zero
torque trajectory which would be the most energy-efficient
trajectory to make a successful sit-to-stand [8]. The gray
lines show the measured CM sit-to-stand trajectories. On the
other hand, only a few data (8 measured trajectories) did
cross the zero torque condition. Figure 5 shows an example
of this CM behavior during a sit-to-stand performed by
subject A.

4. Discussion

The results from the demanding sit-to-stand conditions
showed that the inertia variable pendulum model is better
than a simple inverted pendulum model for evaluating the
stability of a sit-to-stand movement. The specificity for the
demanding sit-to-stand was improved from 41% to 82%
by using the model including multiple-joint influences. On
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Figure 4: Measured CM sit-to-stand trajectories after leaving chair. Here, the 72 trajectories that showed a more energetic (faster) CM
trajectory than the most efficient zero torque trajectory (in broken lines) are shown.

the other hand, both of the maps correctly classified all the
normal (natural) sit-to-stand data as seen in Figure 3(a).
Here, a similarity threshold between the maps was defined
as the value that was calculated as the difference of the
position control tolerance (the horizontal distance of the
boundaries of the maps) becomes less than a certain value.
For example, by setting the similarity threshold of 85%, it
was found that the simple inverted pendulum prediction for

sit-to-stands showed similar results as the inertia variable
pendulum model up to CM velocities of 0.4 heights per
second (see Figure 6). The CM velocity of 0.4 heights per
second ismuch higher than the average velocity of the normal
sit-to-stand data (0.24 ± 0.03 heights per second) measured
with healthy subjects in this paper. Therefore, the simple
inverted pendulum model can be valid for normal sit-to-
stand movements.
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Figure 5: An example of a nonstandard control strategy performed
by subject A. The CM position at the seat-off was 1.39 foot length. It
is possible to see that at the moment of the seat-off, the CM is in a
backward position near the most efficient zero torque compared to
the trajectories of the same subject in Figure 4.
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Figure 6: An example of validity threshold for the simple inverted
pendulummodel.The plot on the map shows average velocity at the
seat-off for a natural sit-to-stand.

The simple inverted pendulum model is also considered
to be reliable for rehabilitation assessment and balance analy-
sis in sit-to-stand movements of motor-disabled subjects and
elderly persons. For sit-to standmovements that have lowCM
velocity at the seat-off, there was no large difference in the
map between the simple inverted pendulum model and the
inertia variable pendulummodel as shown in Figure 6. In the
studies on dynamic balance during sit-to-stand movement,
CM velocities at the seat-off of elderly persons were similar
to or lower than young subjects [11] and those of persons
with Parkinson disease were lower than those of healthy
elderly subjects [12]. These suggest that normal sit-to-stand
movements of motor-disabled subjects and elderly persons

show lower CM velocities than those of natural (normal) sit-
to-stand of healthy young subjects, which could be evaluated
by the simple inverted pendulum model.

As seen in Figure 4, the CM control strategy in a normal
sit-to-stand condition is different from the most energy-
efficient strategy shown by the broken lines. For a given CM
position, it is possible to see that the CM velocity is higher
than the velocity required for achieving a successful sit-to-
stand. This extra velocity would come from an extra effort
before the subject leaves the chair and then would require
an extra effort to absorb it after the subject leaves the chair.
These suggest that the natural sit-to-stand control strategy
has a velocity-position target that satisfies very stable physical
conditions even if that means an extra energy cost. These can
also be understood when comparing the CM trajectories and
the balance control boundaries in Figure 4. It is clear that this
energy inefficiency allows a greater balance control tolerance,
improving the stability against a dangerous backward fall
(lower boundary).

It seems that the natural gait control strategy first tries to
satisfy the stability requirements rather than optimizing the
energy usage. However, energy considerations are often used
when analyzing gait and designing assistive and rehabilitation
technology [15, 16]. It is suggested that not only energy but
also stability may play a major role in control strategy and
therefore should be also taken into consideration.

As for the data that crossed the zero torque line as shown
in Figure 5, it was found that most of them had a backward
CM position at the seat-off. During the measurements, the
subjects were asked to stand up in different CM conditions
including very backward positioned CM conditions. It is
considered that the subjects did not use the standard control
strategy or they tried but failed to achieve their intended
forward velocity when they were standing up in different foot
positions than usual.

5. Conclusions

The balance prediction in sit-to-stand movements obtained
using a traditional simple inverted pendulum was com-
pared to the prediction of an inertia variable inverted
pendulum model including multiple-joint influence. The
results showed that the multiple-joint influence model is
more accurate in predicting balance during sit-to-stand
movements under demanding conditions and also that the
traditionally used simple inverted pendulum is still reliable in
predicting balance during normal or nondemanding sit-to-
stand movements. Especially, the simple inverted pendulum
model could be effective for sit-to-stand movements with
low CM velocity at the seat-off. In addition, almost all CM
trajectories during normal sit-to-stands seemed to follow
the same control strategy, in which the subjects used extra
energy than theminimumonenecessary for standing up.This
suggests that the safety considerations come first before the
energy-efficiency considerations during a sit-to-stand since
the most energy efficient trajectory is close to the backward
fall boundary.
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Appendix

Equations (A.1)–(A.6) describe the motion of the pendulum
and the BOS (see Figure 1). Notice that the inertia variation
is introduced making the pendulum length a function of the
angle (see (3)–(5))

∑𝜏 =

𝑑

𝑑𝑡

(𝐼
̇
𝜃) =

𝑑𝐼

𝑑𝑡

̇
𝜃 + 𝐼

𝑑
̇
𝜃

𝑑𝑡

(CM) ,

𝜏 − 𝑚𝑔𝑙 cos 𝜃 = 𝑑𝐼

𝑑𝜃

̇
𝜃
2
+ 𝐼

̈
𝜃 = 2𝑚𝑙

𝑑𝑙

𝑑𝜃

̇
𝜃
2
+ 𝑚𝑙
2 ̈
𝜃,

̈
𝜃 =

𝜏 − 𝑚𝑔𝑙 cos 𝜃 − 2𝑚𝑙 (𝑑𝑙/𝑑𝜃) ̇
𝜃
2

𝑚𝑙
2

=

𝜏 − 𝑚𝑙𝐽

𝑚𝑙
2

.

(A.1)

Here, 𝐽 = 𝑔 cos 𝜃 + 2(𝑑𝑙/𝑑𝜃) ̇𝜃2.
For the CM,

−𝐹
𝑎𝑥
= 𝑚 ̈𝑥CM, (A.2)

−𝐹
𝑎𝑦
− 𝑚𝑔 = 𝑚 ̈𝑦CM. (A.3)

For the foot,

𝜏 + (𝑙
𝑓
− 𝑎 − COP) 𝐹

𝑔𝑦
− 𝑏𝐹
𝑔𝑥
− 𝑐𝑚
𝑓
𝑔 = 0,

COP = 𝑙
𝑓
− (

𝑏𝐹
𝑔𝑥
− 𝜏 + 𝑐𝑚

𝑓
𝑔

𝐹
𝑔𝑦

+ 𝑎) ,

(A.4)

𝐹
𝑔𝑥
= −𝐹
𝑎𝑥
, (A.5)

𝐹
𝑔𝑦
= 𝑚
𝑓
𝑔 − 𝐹ay. (A.6)

Transforming the constraints shown by (A.7)–(A.10) into
restrictions of the ankle torque wouldmake it possible to find
the feasible torque for the simulation

𝐹
𝑔𝑦
≥ 0, (A.7)






𝐹
𝑔𝑥






≤ 𝜇𝐹
𝑔𝑦
, (A.8)

0 < COP < 𝑙
𝑓
, (A.9)

𝜏maximum Plantarflexion < 𝜏 < 𝜏maximum Dorsiflexion. (A.10)

From the constraint of the ground reaction force (A.7)
and (A.3) and (A.6),

𝑚 ̈𝑦CM + (𝑚
𝑓
+ 𝑚)𝑔 ≥ 0,

̈𝑦CM + (

𝑚
𝑓

𝑚

+ 1)𝑔 ≥ 0,

(
̈
𝜃𝐴
1
+

̇
𝜃
2
𝐵
1
) + (

𝑚
𝑓

𝑚

+ 1)𝑔 ≥ 0,

(
̈
𝜃𝐴
1
+

̇
𝜃
2
𝐵
1
) + 𝐾
1
≥ 0,

(A.11)

where,

𝐴
1
=

𝑑𝑙

𝑑𝜃

sin 𝜃 + 𝑙 cos 𝜃,

𝐵
1
=

𝑑
2
𝑙

𝑑𝜃
2
sin 𝜃 + 2 𝑑𝑙

𝑑𝜃

cos 𝜃 − 𝑙 sin 𝜃,

𝐾
1
= (

𝑚
𝑓

𝑚

+ 1)𝑔.

(A.12)

From (A.1), it becomes

(𝜏 − 𝑚𝑙𝐽) 𝐴
1
≥ −𝑚𝑙

2
(
̇
𝜃
2
𝐵
1
+ 𝐾
1
) . (A.13)

Then, solving for 𝜏

𝜏 ≥ −

𝑚𝑙
2





𝐴
1






(
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𝜃
2
𝐵
1
+ 𝐾
1
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1
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𝐴
1






(
̇
𝜃
2
𝐵
1
+ 𝐾
1
) + 𝑚𝑙𝐽, for 𝐴

1
< 0.

(A.14)

Equation (A.8) gives the friction anterior and friction
posterior constraints. For the maximum anterior friction
condition, (A.8) becomes

𝐹
𝑔𝑥
≥ −𝜇𝐹

𝑔𝑦
. (A.15)

From (A.2), (A.5) and (A.3), (A.6),

𝑚 ̈𝑥CM ≥ −𝜇 {𝑚 ̈𝑦CM + (𝑚
𝑓
+ 𝑚)𝑔} ,

̈𝑥CM ≥ −𝜇 ̈𝑦CM − (

𝑚
𝑓

𝑚

+ 1)𝑔𝜇,

̈
𝜃𝐴
𝑥
+

̇
𝜃
2
𝐵
𝑥
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̈
𝜃𝐴
1
+

̇
𝜃
2
𝐵
1
) + 𝐾
2
,

(A.16)

where,

𝐴
𝑥
=

𝑑𝑙

𝑑𝜃

cos 𝜃 − 𝑙 sin 𝜃,

𝐵
𝑥
=

𝑑
2
𝑙

𝑑𝜃
2
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1
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(A.17)

Then,

̈
𝜃𝐴
2
≥

̇
𝜃
2
𝐵
2
+ 𝐾
2
, (A.18)

where,

𝐴
2
= 𝜇𝐴
1
+ 𝐴
𝑥
,

𝐵
2
= −𝜇𝐵

1
− 𝐵
𝑥
.

(A.19)

From (A.1),

(𝜏 − 𝑚𝑙𝐽) 𝐴
2
≥ 𝑚𝑙
2
(
̇
𝜃
2
𝐵
2
+ 𝐾
2
) . (A.20)
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Solving for 𝜏,

𝜏 ≥

𝑚𝑙
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(A.21)

For the maximum posterior friction condition, (A.8)
becomes

𝐹
𝑔𝑥
≤ 𝜇𝐹
𝑔𝑦
. (A.22)

From (A.2), (A.5) and (A.3), (A.6),

𝑚 ̈𝑥CM ≤ 𝜇 {𝑚 ̈𝑦CM + (𝑚
𝑓
+ 𝑚)𝑔} ,

̈𝑥CM ≤ 𝜇 ̈𝑦CM + (

𝑚
𝑓

𝑚

+ 1)𝑔𝜇,

̈
𝜃𝐴
3
≤

̇
𝜃
2
𝐵
3
+ 𝐾
3
,

(A.23)

where,

𝐴
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1
= 𝐴
2
− 2𝜇𝐴

1
,

𝐵
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1
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1
,

𝐾
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1
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(A.24)

from (A.1)

(𝜏 − 𝑚𝑙𝐽) 𝐴
3
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2
(
̇
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3
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solving for 𝜏
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(A.26)

Equation (A.9) gives the COP heel and COP toe con-
straints. For the COP behind the heel condition, (A.9)
becomes

COP < 𝑙
𝑓
. (A.27)

Equation (A.4) becomes

𝑙
𝑓
≥ 𝑙
𝑓
− (

𝑏𝐹
𝑔𝑥
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(A.29)

where,
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solving for 𝜏
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(A.32)

For the COP after the toe condition, (A.9) becomes

0 < COP. (A.33)

Equation (A.4) becomes

0 < 𝑙
𝑓
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From (A.2), (A.5) and (A.3), (A.6),
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(A.35)

where,

𝐸
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− 𝜇𝐴
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𝐷
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𝐾
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(A.36)

From (A.1)
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2
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Solving for 𝜏,

𝜏 (𝑚𝑙
2
+ 𝐸
2
) ≥ 𝑚𝑙

2
(𝐾
5
−

̇
𝜃
2
𝐷
2
) + 𝑚𝑙𝐽𝐸

2
,

𝜏 ≥

𝑚𝑙
2
(𝐾
5
−

̇
𝜃
2
𝐷
2
) + 𝑚𝑙𝐽𝐸

2





𝑚𝑙
2
+ 𝐸
2






, for 𝑚𝑙2 + 𝐸
2
> 0,

𝜏 ≤

𝑚𝑙
2
(𝐾
5
−

̇
𝜃
2
𝐷
2
) + 𝑚𝑙𝐽𝐸

2





𝑚𝑙
2
+ 𝐸
2






, for 𝑚𝑙2 + 𝐸
2
< 0.

(A.38)
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