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A Review of Wearable Sensor for
Stroke Patients
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ABSTRACT
Worldwide, stroke is a serious and life-threatening
problems. Without warning, stroke can bring dramatic and unexpected changes in human’s lives.
Paralysis, communication problems, diﬃculty controlling of the body and balance are the most common eﬀects after a stroke. The rapidly developing
loss of brain functions after the brain stops receiving
blood ﬂow are frequently left with a long term disability and needs medical attention for recovery. To
make rehabilitation more eﬃcient for stroke patients,
the entire progress and detections of how well they
have improved are required to monitor. As a powerful and practical instrument in health monitoring research and modern technology, wearable sensors have
been widely accepted in the last decade especially in
clinical rehabilitation. It is constantly increasing with
the major eﬀort in various ﬁelds of therapy, for example, Parkinson’s disease, Alzheimer’s disease and
furthermore in stroke recovery. Numerous wearable
devices have been used for analyzing, monitoring, and
assessment in therapeutic treatment nowadays.
This review aimed to examine the available literature of wearable sensor-based device establishment
in sensor types, locations and range of functions of
the clinical application in people after stroke. We
address and report about studies that have already
investigated in clinical testing of stroke population.
We, moreover, discuss their boundaries and present a
range of recommendation for the future research.
Keywords:
Wearable sensors, inertial sensors,
stroke population, assessment of stroke rehabilitation, human activity classiﬁcation and recognition.

1. INTRODUCTION
Stroke is a worldwide serious medical condition,
resulting in an interruption of blood ﬂow to an area
of the brain from either a blood clot or the rupture of
a blood vessel. The vast majority of stroke, 87% [1],
are ischemic stroke, which causes by blockage of an
artery and impairing blood ﬂow to part of the brain.
Whereas the less commonly strokes cause by bleeding in or around the brain haemorrhagic stroke- and
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by a mini stroke, a transient ischaemic attack, which
happens when the brains blood stream is interrupted
for a very brief period of time. Globally, stroke impacts approximately 17 million people annually making it one of the leading causes of disability [1]. Its
sudden occurrence can cause a considerable eﬀect in
daily living problems of impairments and limitations
of cognitive, language and motor functions [2]. Recovery of motor function requires intensive physical
rehabilitation and interdisciplinary cares which must
be personalized to each patient for enhanced eﬀectiveness [3]. To determine the eﬃciency of rehabilitation
as well as to provide behaviour-enhancing feedback,
medical professionals need to understand the impact
of clinical interventions in the real life of individuals.
It is also an essential component of physical medicine
and treatment to assess physical activities of stroke
population; however, it is recognized that these evaluations may have some limitation in clinical practice
[4-6]. For example, some clinical functional tests are
performed only in a hospital setting; these, however,
may not reﬂect the actual motor performance of patients in everyday life. Therefore, an activity monitoring in everyday life is expected to provide a more
comprehensive assessment of physical functioning and
assessment of post-stroke patients [4-8].
During the last decade, wearable monitoring systems have drawn enormously of attention from the
research community and clinicians [9]. Due to the
fact that their current capabilities provide not only
physiological such as heart rate, blood pressure, body
and skin temperature or biochemical sensing for example blood, sweat, breath, etc., but also motion
sensing [10,11]. In human kinematic studies, accelerometer (ACC) has been adopted based on measurement of acceleration and position with respect to
gravity. Measuring physical activity using ACC is
preferred because acceleration is proportional to external forces and hence can reﬂect the intensity and
frequency of human movement. Recently, a microelectromechanical system (MEMS) technology has reduced the cost of ACC in smaller form factors [12].
In fact, that sensor performance has been improved
whereas the power consumption and size are greatly
reduced. The technology has made it possible to
fabricate inexpensive single chip ACC and gyro sensor which have been adopted into several applications where traditionally inertial sensors have been
too costly [13]. Base on the small scale of the sensors,
methods for long-term monitoring of physical activity
and the assessment of motor functioning under real
life condition are available. Numerous researchers
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have recently shown noble test and retest reliability
for assessing individuals using wearable sensors [14].
Various types of miniature sensors have been compressed for the health monitoring of wearable systems. The combination between ACC and gyroscope
which is included in the inertial measurement units
(IMUs) have been successfully applied for assessing
gait characteristic [15-19], monitoring of elderly [2024] and other chronic diseases [25-29]. Despite the
expanding evidence to support the usage of wearable
sensors for clinical application, it is still to recognize
that this area remains to develop. In the rehabilitation of the consequences of stroke, it is imperative to be able to remotely classify human activities
and quantitatively measure the quality of their component movements to the goal of a motion analysis
outside of laboratories.
This review, therefore, describes eﬀorts to bring
wearable sensors to bear on clinical-based assessments and treatments to improve mobility-related activities after stroke. As such, it was the purpose to
examine the available literature that utilized wearable
sensors to apply in the clinical testing in people with
stroke and provides a summary of the sensor type,
location and outcome base on the literature.
2. LITERATURE SEARCH STRATEGY
We performed an electronic database search of title
and abstracts using PubMed, EMBASE and Google
Scholar to identify and collect the literature and considered reports published between 2005 and April
2016. The Institute of Electrical and Electronics Engineers (IEEE) Xplore digital library was searched
for an additional relevant article of the bibliographies. To retrieve all relevant publications, key term
searches were used to match words in the title, abstract, or key words ﬁeld. The key words were: ”wearable sensors”, ”wearable device”, ”wearable technology”, ”wearable sensors AND stroke” and ”wearable
sensors AND stroke rehabilitation”.
3. GENERAL SEARCH RESULTS
In total 146 papers and abstract that examined
development in the use of wearable sensor technology for the stroke population were examined. The
papers in this review were not included if the device
presented had not reached the stage of clinical testing or the experimental group of stroke subjects is
lower than ten patients, or aspire for stroke rehabilitation of robot-assisted training. Table 1 summarizes
the development described in the literature, utilized
wearable sensor-based devices in the clinical application of rehabilitation after stroke. For the narrative
review, we categorized the results into the following:
sensor type detection and placement, utilizing wearable sensors in order to classiﬁcation and recognition
of physical activity and assessment of stroke rehabilitation.
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3. 1 Sensor type detection and placement
Multiple wearable sensor types were used within
the included papers for both categorized purposes
of physical activity classiﬁcation and assessment in
stroke patients. Most of studies applied an inertial
sensor system (IMU) [3, 30, 35, 36, 39, 40, 41, 42].
Varied ACC: bi-axial ACC [40, 42] tri-axial ACC [3,
30, 31, 35,] and uni-axial ACC [41, 42] were consisted
the wearable sensor-based devices, as well as gyroscope [30, 33, 39]. Two studies reported on systems
included force sensors [32, 38]. One study utilized
surface electromyographic (sEMG) into the measurement system. Two projects of research applied wearable sensor systems in the form of instrumented shoes
[31, 38], whereas one study employed the wearable
system of smartphone [33].
Wearable activity sensors can be placed on different parts of the body whose movement are being
studied. In many cases, it is necessary to measure
the whole-body movement. Thus the sensors are frequently placed on the waist or trunk [3, 30, 33, 39,
40, 41]. For the gait, walking balance or fall risk assessment test the sensors were placed on foot [31, 38],
thigh [32] and shank [30, 39]. While the sensors were
most attached for the monitoring functional activity
and motor ability assessment in the upper part body
of upper arm [32, 36, 41, 42], forearm [32, 41, 42],
hand and ﬁngers [36, 41, 42]
3. 2 Classiﬁcation and recognition of human
activity
Recently, numerous existing recognition systems
have been developed for normal activities. However,
detecting abnormal activity is a particularly signiﬁcant operation in security monitoring and healthcare
application [43]. Monitoring a person’s mobility activities outside a hospital setting becomes also valuable for clinical decision making. For clinicians, reliable data about the patient’s activity is very important. Mainly, information about the type, duration,
and frequency of daily behaviors can help therapists
design successful rehabilitation programs [33]. To
classify and recognize the physical activity of stroke
population, a number of computational techniques
have been used in the studies.
Machine learning techniques such as an Artiﬁcial
Neural Network (ANN) [32], Support Vector Machines (SVM) [30], Hidden Markov Model (HMM)
[30], Fuzzy Inference System (FIS) [3] and a decision
tree model [33, 31] are applied to identify the relationship between feature set and identiﬁcation task.
Zhang et al. [31] and Capela et al. [33, 34] classify the participant’s activities of a consecutive series
of mobility tasks by the decision tree model. In the
study of Zhang et al. three features of sitting, standing and walking have been separated to detect using a
wearable shoe-based sensor system which is included
pressure sensors and ACC. Meanwhile Capela et al.
[33] divided the activities from both stroke population and healthy subjects into standing, sitting, lying,
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walking, claiming upstairs and small movement using
a smartphone-based system on their waist to collect
the data.
Besides the basic daily-life activity recognition of
sitting, standing, walking and lying, Masse et al.
[3] found that integrating barometric pressure sensor into the IMU has been improved the outcome of
classiﬁcation. Especially in body elevation recognition of taking an elevator or climbing stairs, which is
a relevant outcome for post-stroke recovery [29] can
be detected clearly. Using the statistic result of the
Correct Classiﬁcation Rate (CCR), the barometric
pressure-based classiﬁcation approach was compared
against two methodological techniques to classify the
activities: epoch-based and event-based classiﬁcation. 90.4% of CCR performance for posture/activity detections was reported; meanwhile, the CCR for
body elevation is found at 98.2%. Furthermore, the
classiﬁcation of diﬀerent pathological gait between
post-stroke population and the other two groups of
Huntington’s disease and healthy subjects has been
proposed by Mannini et al. [30] using data from IMU
placed at shank and waist. The use of complementary features (HMM likelihoods and time-frequency
domain features) along with an SVM classiﬁcation
post-processing allowed for the improvement of the
classiﬁcation outcomes of overall accuracy 90.5%.
3. 3 Assessment of stroke rehabilitation
Many assessment tools, across various functional
domains, are available to clinicians and researchers
working with stroke survivors [44]. Clinical assessment of motor function using functional tests such as
the Berg Balance Scale (BBS) for balance assessment
or Timed Up and Go (TUG) for gait and balance evaluation or Fugl-Myer Assessment (FMA) for sensorymotor function and balance evaluation, serve a critical role in guiding rehabilitation after stroke. However, eﬀectively implementing novel therapies and improving outcomes for recovery from stroke is the process that must be continued long after a hospital
stay in the home setting. Furthermore, these scales
are unfortunately not widely utilized in clinical practice because their administration is excessively timeconsuming [41]. Nevertheless, to address this issue
many researchers have contemplative concentrated on
investigating of wearable sensor technology. Focusing on the upper extremity movement, Patel et al.
[42] found in 2010 that using six ACCs attached to
the arm of the eﬀect side of stroke patients during
the performance of items of the Wolf Motor Function
Test (WMFT), can be used to estimate scores derived
using the Functional Ability Scale (FAS) which is a
clinical scale focused on quality of movement. Later,
Del Din et al. [41] proposed that these data sets can
be analyzed and used to estimate clinical scores derived using the FMA scale which is a clinical scale
designed to assess motor impairments. They found
the correlation coeﬃcients by using diﬀerent sections
of FAS and FMA of total score ranged between 0.66
and 0.85. Recently, Leuenberger et al. [35] found a
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better correlation (r = 0.95) of the duration of gross
paretic arm movements between a clinical assessment
of impairment (Box and Block Test) using wearable
IMU than conventional activity counts when walking
phases were included (r = 0.69). Furthermore, Yu
et al. [36, 37] proposed a remote quantitative FMA
framework to extend the use of wearable sensor system for stroke rehabilitation in the home setting. Using two ACCs and seven ﬂex sensors to capture the
movements of the upper limb, wrist, and ﬁngers of
stroke patients can precisely predict the clinical FMA
scores through ensemble machine learning method.
They found that the coeﬃcient of determination of
this model can reach as high as 0.918.
On the other hands, to assess the balance, postural and gait challenges many research projects have
used wearable inertial sensors. A quantitative analysis of the fall-risk assessment test is performed by
Tmaura et al. [39] using inertia sensor consisted of
ACC and angular velocity sensor. Focusing on the
TUG Test and Four Square Step Test (FSST) the
data can be assessed for the fall risk of stroke populations while wearing the sensors on patient’s waist and
thighs. In addition, inertia sensors were also applied
in the study of Grimpampi et al. [40] to estimate the
lower trunk angles lateral and frontal bending and
axial rotations during the patient’s walking with an
abnormal gait. Whereas van Meulen et al. [38] integrated all inertia sensors into patient’s shoes to assess
the additional information about walking balance after stroke. They found a high correlation between
walking speed and BBS scores, although no part of
the BBS includes assessment of walking.
4. DISCUSSION
The reviewed research demonstrates the ability of
wearable sensor-based devices to accurately detect
and evaluate speciﬁc movement in stroke patients. In
general, measuring and monitoring the patient’s activity was eﬀectively using multiple inertial sensors
such as ACC and gyroscopes; because these sensors
are portable, small,
SD: Standard deviation, IMU: Inertial Measurement Unit, sEMG: surface electromyographic, ACC:
accelerometer, SP: Stroke patients, HD: Huntington’s
disease, HS: Healthy Subjects, LFR: low-fall-risk,
HFR: high-fall-risk, TUG: time up and go, FSST: the
four square step test, WMFT: The Wolf Motor Function Test, FAS: The Functional Ability Scale, FMA:
The Fugl-Meyer Assessment.
and inexpensive. ACC allowed distinguishing between immobility and movement, whereas gyroscope
is used for detailed evaluation of the movement pattern. A lot of studies may require very speciﬁc onbody placement. For example, the sensors have to
be on the waist and other multiple locations such as
hand, arms, wrist, shank or thigh. However, placing multiple sensors on the patient’s body may lead
to discomfort and might reduce their willingness and
ability to perform of measurement.
The most challenging problem is ﬁnding the best
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Table 1:: Wearable sensor-based device for stroke patients.
Purpose

Author

Wearable sensor
-based devices

Experimental Groups
(Mean Age ± SD years)

Time since
stroke

Performing Test

Classiﬁcation
and
recognition of
physical
activity

Mannini
et al. (2016)
[30]

IMU

15 SP (61.3 ± 13)
17 HD (54.3 ± 12.2)
10 HS (69.7 ± 5.8)

not
reported

Walk back and
forth for about
one minute along
a 12 m walkway.

Zhang et al.

SmartShoe
(2013) [31]
sEMG and
ACC sensor
system

12 SP (not reported)

> 3 months

10 SP (51.7 ± 11.4)

7.5 ± 6
years

Capela et al.
(2016) [33]

Smartphone

15 SP (55 ± 10.8)
15 HS (26 ± 8.9)

9.6 months

Massé et al.
(2015) [3]

integrating BP and
inertial sensor

12 SP (59.6 ± 13.6)

not
reported

Leuenberger
et al. (2016)
[35]
Yu et al.
(2016) [36]

IMU

10 SP (52.7 ± 13.6)

21.6 ± 10.6
weeks

8 postures and
activity groups.
11 activities of
daily living and
10 activities used
to evaluate
misclassiﬁcation
errors.
A consecutive
series of mobility
tasks.
A set of basic
activities of daily
living.
All day and night
activities.

ACC
and ﬂex sensors

24 SP (69.4 ± 12.8)

8.9 ± 4.2
months

van Meulen
et al. (2016)

instrumented
shoes

13 SP (64.1 ± 8.7)

2.4 ± 1.8
years

Tmaura et al.
(2013) [39]

an inertial sensor

not
reported

Grimpampi
et al.(2013)
[40]

IMU

10 SP (65.4 ± 2.8)
13 LFR (63 ± 8.9)
27 HFR (71.1 ± 5.8)
6 HS (65.4 ± 5.2)
24 Elderly (75 ± 7):
13 SP (not reported)
11 PD (not reported)

Del Din et al.
(2011) [41]
Patel et al.
(2010) [42]

ACC system

24 SP (57.5 ± 11.8)

IMU

24 SP (57.5 ± 11.8)

4.2 ± 3.7
years
4.2 ± 3.7
years

Roy et al.
(2009) [32]

Assessment in
stroke therapy

balance between and the placement concerns and the
wearable device function. Although the advantages of
using multiple positions of attached the inertial sensors have been reported in many studies of discovery
with high correlation to predict the outcome of stroke
assessment. Some studies, however, focused on using
a single position placed sensor. Mass et al. [3] applied
a single sensor module ﬁxed on the trunk of patients,
which can superior detect the posture and activity
of stroke patients with impaired mobility. Whereas,
Leuenberger et al. [35] also suggested a method to
quantify functionally relevant arm use relying on one
single wrist-worn IMU. Further improvement in advanced sensor design and miniaturization have been
also noticed in several studies invented to place the
sensors in one single position: SmartShoe by Zhang et
al. [31] integrated pressure sensor and ACC, instrumented shoes by van Meulen et al. [38] consisted of
IMU and one 3D force/moment sensor and a smartphone comprised ACC and gyroscope by Capela et al.
[33]. Using a single sensor conﬁguration can be more

not
reported

7 training
exercises to
replace the upper
limb related 33
items in FMA
scale.
Twice a timed 10
meter walk at a
self-selected
comfortable pace
along a 10 meter
path.
2 tests: TUG test
and FSST.
Walk at a selfselected speed
along a 12 m
rectilinear
pathway.
WMFT, FAS
and FMA
Functional motor
tasks

transparent to the user and be part of a comfortable
and non-impact environment for the patients; however, these are required to improve the shortcomings
of reliability and eﬃciency.
In order to develop a system that proﬁcient in
employing wearable sensors in clinical application,
the requirement of support automatic operation, advanced algorithms and processing power must be
solved. Information extraction, pattern recognition
and database evaluation for clinical validation and
standardization must be developed with eﬀort. There
is still required to utilize and advance algorithms that
can be simple to interpret to be embedded into one
single wearable device. Besides, the need for cooperation and standardization still remain in infrastructure, communication interfaces and cooperation between patients and medical experts. Interestingly,
Yu et al. [36] addressed this issue and reported the
lack of awareness of the importance of rehabilitation
and insuﬃciency of a computer in home monitoring of
the stroke participants. Finally, the potential study
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could extend into a larger number subject of stroke
survivors to pursuing the standardization of clinical
assessment.
5. CONCLUSION
In recent times, the inertial sensor-based method
enables automatic, continuous and long-term activity measurement not only for the purpose of a free
living environment but also intensive in clinical application. Sensor-based measurement of improving
mobility-related activities can provide quantitative
patient information in clinical assessment and rehabilitation. Particularly in stroke population, these
wearable sensor-based tools have been approached to
be able to evaluate and recognize the abnormal activities in this area.
This study, consequently, examined and reported
the existing literature and research to summarize appropriate wearable sensors and outcome measures of
assessment in the clinical intervention of stroke patients. A class categorization of utilizing each sensor has also been presented. In addition, method
and technique for classiﬁcation and recognition the
physical activity of stroke population has been surveyed and discussed. Although great progress has
been made in the recent year, there are still some
factors for improvement in term of the feasibility of
wearable sensors being used in widely clinical conditions and clinical validation. With a smartphone or
a single wearable embedded measurement unit and
the eﬀortless evaluation tools, we envision that these
will help to widely increase the practicability for both
clinical staﬀ and patients as well as for remote monitoring of health in clinical and home setting.
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