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This paper presents an assistive device for wheelchair users with severe disability. It consists of several sensors deployed on a
wheelchair, able to sense pressure relief habits, activity level, vital signs, and ambient conditions. A pilot study was conducted
to evaluate the potential capabilities of the system and the feasibility of implementing alarms. During a period of two weeks, six
full-time wheelchair users were monitored. Results show that the system is able to capture pressure relief patterns and tilt-in-space
usage, a mechanism required to avoid pressure ulcers. Data analysis shows that none of the volunteers fully complied with the
tilting recommendations. It also shows varied activity levels, both within and between patients, indicating their engagement in daily
activities. The system is also able to estimate heart and respiration rate during passive activities (e.g., watching TV and/or resting).
Also, high temperatures in summer were monitored while patients were outside, to prevent heatstroke events. All the monitored
variables are acquired with unobtrusive sensors, producing no discomfort to the patient and providing valuable information for
better care. The final recommendation and alarm system is implemented in a single board computer, to be embedded in the
wheelchair.

1. Introduction
Wheelchairs users are estimated at about 10% of disabled
people worldwide [1]. The main causes of wheelchair usage
are injuries and/or medical conditions that affect the central
nervous system (CNS). Depending on how the CNS is
damaged, the disability varies. Among the most severe cases
are patients going through an advanced stage of a neurodegenerative disease such as Multiple Sclerosis (MS) and
patients with tetraplegia or paraplegia who have been affected
by a severe injury in the spinal cord.
Besides physical impairment, these patients can be
affected by a variety of symptoms such as thermoregulatory
problems and cardiorespiratory dysfunction. In sum, they
cannot perform daily activity without assistance, and they
require continuous nursing care and supervision usually
provided by families or specialized caregivers. However, in
some cases, the supervision fails and the patients can be
exposed to dangerous conditions.
First of all, wheelchair users are prone to develop pressure
ulcers (PU) because they spend long hours sitting. PU are

injuries on the skin produced by prolonged pressure, usually
over parts of the body in contact with the wheelchair.
Excessive pressure reduces the blood flow producing tissue
ischemia and death, resulting in an ulcer. To avoid PU,
patients should relieve pressure frequently. To do that, caregivers should be aware of reminding patients when to relieve
pressure and assist them if needed. However, high workload
in nursing homes can lead caregivers to forget when the
patient should relieve pressure. The same can happen when
a family member is responsible for the patient’s care. Both
situations increase the probability of PU. Secondly, another
dangerous situation occurs with disabled patients who suffer
thermoregulatory problems. Long periods of time exposed to
heat without caregiver’s monitoring can produce sunburns,
dehydration, heatstroke, and even death. There are reports of
deaths produced by heat exposure in assisted living facilities
as well as in patient’s homes due to impaired self-awareness
and failure in supervision [2–4]. Lastly, under severe mobility
impairment, people can also develop comorbidities related
to respiratory and cardiovascular function which should be
constantly supervised by caregivers. For example, people

2
with MS can suffer respiratory muscle weakness and bulbar
dysfunction which produce difficulty in breathing [5]. Also,
the worst cases of spinal cord injury (SCI) are unable to
breathe due to paralysis of respiratory muscles requiring
ventilation support. Furthermore, this population presents
autonomic dysfunction increasing the probability of suffering
from heart diseases [6].
The examples described show how wheelchair users with
severe disability are constantly at risk. Problems such as
low mobility can produce PU, heat sensitivity can produce
exacerbation of symptoms and/or heat stress during outdoor
activities, and abnormal cardiorespiratory function can affect
their health status. In those cases, supervision is very important to prevent dangerous conditions. To this end, a system
to monitor variables related to these problems can help caregivers and medical staff to increase patient’s quality of life.

2. Related Work
Advances in sensors, wireless communication systems, and
information technologies make it possible to develop new
assistive devices to monitor patients during daily life. Regarding wheelchair bound patients, several research groups have
developed monitoring systems to alert patients and caregivers
to dangerous situations like those previously described. For
example, some groups have focused on developing systems
to prevent PU. To this end, authors have deployed several
sensors between the patient and the pressure relief cushion,
to capture pressure changes. To acquire this information, they
use commercial pressure mapping devices [7] and custom
sensor arrays based on different technologies such as rigid
copper electrodes [8], piezoresistive sensors [9], and force
sensitive resistors (FSR) [10, 11]. Then, data are processed to
generate alarms to warn patients and/or caregivers when a
change in position is necessary. If any of the sensors detects a
dangerous level of pressure during a long period of time, an
alarm is generated. Another approach has been used to avoid
PU when the patients use powered wheelchairs equipped
with a tilt-in-space system. The tilt-in-space system allows
modifying the seat angle orientation in relation to the ground
while maintaining the seat to back angle [12]. This mechanism
allows patients to redistribute the seat pressure, transferring it
from the seat to the back. Authors have monitored how often
wheelchair users perform a tilt to relieve pressure [13–17]. To
this end, the proposed systems are composed of accelerometers able to detect when patients perform a tilt. Based on
this information, it is possible to implement alarms to remind
patients and caregivers when patients should tilt their chair.
Vital signs such as heart rate (HR) and respiratory rate
(RR) are also monitored in wheelchair users. The main
difference between the proposed systems lies in the types
of sensors used, some of them being more obtrusive than
others. For instance, some projects have used conventional
sensors such as skin electrodes for ECG and respiration
belts which can be difficult to wear, producing discomfort to
impaired patients [18]. On the other hand, authors have measured Ballistocardiogram (BCG), defined as the mechanical
activity of the heart which is an unobtrusive way to acquire
cardiorespiratory activity [19]. To acquire BCG signals, an

Mobile Information Systems
electromechanical film (EMFi) is deployed on the wheelchair
seat and backrest. Using advanced signal processing, it is
possible to acquire respiration and heart activity to calculate
HR and RR to assess patient’s health.
Regarding heat exposure, although there is no report
of applications designed for wheelchair users, it is possible
to find devices developed to provide an alert to dangerous
heat exposure in situations such as workers [20, 21] and car
drivers [22] exposed to hot environments. The implemented
systems measure ambient temperature (𝑇AMB ) and relative
humidity (RH) to calculate indexes able to estimate thermal
discomfort such as heat index (HI) and Wet Bulb Globe
Temperature. Also, HR and RR are measured to obtain a
more reliable estimation of the subject thermal state. Based on
this information, alarms are implemented to decide whether
people should stop working or whether car drivers are in good
conditions to keep driving.
We propose that combining monitoring pressure relief
patterns, physiological data, and thermal indexes provides
sufficient and timely information about the patient’s health
while using the wheelchair. To this end, several noninvasive
sensors are deployed on a patient’s wheelchair to capture
vital signs, ambient conditions, pressure relief habits, and
patient activity providing useful context-aware information
for patients, caregivers, and clinical staff without producing
discomfort. Our previous work [23–27] presented different
stages of the project, from design to preliminary findings. In
this paper, we present the final setup, detailed algorithms, and
the use of our assistive device to monitor these important
variables during daily life. We also present the final hardware
implemented to generate alarms and recommendations to
caregivers and to the user. The system is designed to improve
the care of wheelchair users who suffer severe mobility
impairment by monitoring key parameters known to be
relevant during daily activities.

3. Methods
3.1. Instrumentation. The system consists of several unobtrusive sensors deployed on a powered wheelchair, able to
sense pressure relief habits, patient activity, vital signs, and
ambient conditions. The selected sensors are able to capture
seat and back pressure changes, tilt angle produced by the
tilt-in-space system, respiration and heart activity from BCG
signals, 𝑇AMB , and RH. To capture pressure relieving habits,
nine small FSR (model FSR 406 manufactured by Interlink
Electronics) are deployed on the wheelchair to detect prolonged pressure over the buttock and back area. The sensors
are distributed as follows: 4 sensors are put on the seat (FSRS ),
under the pressure relief cushion, and 5 on the backrest
(FSRB ), inside a piece of foam. To detect the wheelchair tilt
and to capture information related to subject activity, an
accelerometer (ADXL335 chip) is fixed to the wheelchair.
The ADXL335 has analog output and resolution of ±3 g.
Based on pressure and accelerometer data, it is possible
to detect pressure redistribution produced by tilt-in-space
system. To acquire heart and respiratory activity, BCG was
measured using EMFi sensors (model L-3030 manufactured
by EMFIT Ltd.), a highly sensitive electromechanical film
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Figure 1: Pictures of the implemented system: (a) front, (b) back, and (c) system ready to use. Unobtrusive sensors are installed on the
wheelchair, under backrest foam and pressure relief cushion on the seat. Ambient sensor and accelerometer are attached to wheelchair
structure, away from the user. The system is powered by the wheelchair batteries.

sensor able to measure small pressure variations. One sensor
was placed on the seat (EMFiS ), under the pressure relief
cushion, and another was placed on the backrest (EMFiB ),
inside a piece of foam. Also, an ambient sensor (SHT15 chip
manufactured by Sensirion) allows measuring 𝑇AMB and RH
to avoid heat exposure during outdoor activities. This sensor
integrates both variables in one chip. Its digital output data
are sent to a microcontroller unit (MCU) using a proprietary
communication protocol. This setup allows us to capture the
information in a noninvasive way without discomfort to the
user, because none of the sensors touch the patient directly.
All information acquired by the sensors is sent to MCU which
samples the data at 100 Hz with 11 bits of resolution. Then, the
data are transmitted through the serial port to a small laptop
mounted on the wheelchair. Finally, the data are stored in
a PostgreSQL [28] database for further analysis. The whole
system is powered by the wheelchair batteries. The power
consumed by the system is minimal and does not affect the
wheelchair performance. Figure 1 shows the implemented
system mounted on the wheelchair.
3.2. PRT Detection Algorithm. An algorithm to detect pressure relief by tilting (PRT) was implemented. PRT is a
wheelchair tilt due to the operation of the tilt-in-space system
which produces relief of pressure over the buttocks area. This
is achieved if the skin is unloaded for at least 3 min and 30 sec
according to the study presented in [29], so the tissues are
oxygenated. To ensure this phenomenon, a threshold of 5 min
was used.
The algorithm uses the accelerometer data and the FSR
sensors deployed on the seat. First of all, accelerometer data is
filtered using a low-pass filter to extract the static component
of acceleration and transform it into a tilt angle. The pressure
sensors are also filtered to remove high frequency noise due
to wheelchair vibration. The angle is averaged using a 10 sec

sliding window to detect angle changes. When the tilt angle is
reduced by at least 5 degrees, which means that the wheelchair
is tilted back, and the pressure sensors reduce their level
sharply, the tilt is marked as possible PRT. To consider the tilt
as PRT, the subject should maintain this position or increase
the tilt angle for at least 5 minutes. Otherwise, the algorithm is
restarted. When the subject returns to the initial position, the
tilt is finished. Figure 2 shows an example of PRT detection.
This full record shows 4 PRT detection instances. Vertical
lines marked with “X” indicate the start of a tilt. Lines marked
with “O” indicate the end of a tilt. It is possible to observe
how pressure over the buttocks area is transferred to the back
during PRT. Also, analyzing the pressure sensors, it is possible
to calculate the wheelchair occupancy time. In the example in
Figure 2, the volunteer is on the wheelchair for 6 : 41 hours.
3.3. Activity Level Estimation. For wheelchair users with
severe disability, a good indication of activity is when they are
driving the wheelchair. Therefore, to estimate patient’s activity, the dynamic component of the accelerometer was used
because it reflects the subject’s movement and the wheelchair
vibration during driving. To extract this component, the
standard deviation of the accelerometer is calculated using
a sliding window. High standard deviation values reflect
periods of time where the subject shows a high level of
activity. Based on tests performed on lab settings, a fixed
threshold of 0.5 was used to distinguish between high and
low levels of activity as can be observed in Figure 3. Periods
of time classified as high activity are used to calculate an
activity index (AI) defined as the percentage of the wheelchair
occupancy where patients show high activity.
3.4. Ballistocardiogram Processing. Raw EMFi signals are
processed to extract respiration and BCG signals. To this end,
a filter bank is implemented based on the Discrete Wavelet
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Figure 2: PRT detection algorithm. FSRB (a), FSRS (b), and tilt angle
obtained with the accelerometer (c) allow capturing daily pressure
relieving patterns. Vertical lines marked with “X” and “O” indicate
the PRT detected. Arrows on the FSR sensors mark the beginning
and end of the wheelchair occupancy.

(Deg.)

−20
−30
−40
−50
16:00:00

16:10:00

16:20:00

16:30:00

Time (HH:MM)
Low act.
High act.
(a)

SD values

6
4
2
0

16:00:00

16:10:00

16:20:00

37:20

37:25

37:10

37:15
Time (MM:SS)

37:20

37:25

(c)

Time (HH:MM)

−60

37:15
Time (MM:SS)
(b)

(b)

−30
−40
−50
−60
−70
−80
−90

37:25

(a)

(a)

12:00

37:20

16:30:00

Time (HH:MM)
SD accel.
Threshold
(b)

Figure 3: Processing the accelerometer data (a) allows estimating
the activity level of each subject. Segments in bold show when the
subject presents high activity (e.g., driving, tilting, and moving)
as opposed to segments with low activity (e.g., resting, wheelchair
stopped). The activity detection is based on the standard deviation
of the accelerometer data (b) and a fixed threshold.

Figure 4: (a) Raw EMFi, (b) BCG, and (c) respiration signals used
to obtain vital signs.

Transform (DWT). The DWT filter bank allows decomposing
the original signal into 𝑛 subsignals called details (𝐷𝑖 ) and
approximations (𝐴 𝑖 ), where 𝑖 is the 𝑖th decomposition level.
The decomposition is done passing the raw data through
several low-pass and high-pass filters designed with a specific
mother wavelet, selected based on the similarity to the clean
BCG waveforms. High frequency information (𝐷𝑖 ) and low
frequency information (𝐴 𝑖 ) are contained on the resulting
signals; however, to obtain heart and respiratory activity,
specific details and approximations must be selected. Raw
EMFi data are decomposed into 6 levels using, as mother
wavelets, symlet 5 for EMFiB and daubechies 10 for EMFiS .
An example of BCG and respiratory reconstruction is shown
in Figure 4. Respiration signals are reconstructed using
𝐴 6 because it contains frequency components below 0.5 Hz
where respiration activity is found. On the other hand, BCG
signals are reconstructed adding the details 𝐷3 , 𝐷4 , and 𝐷5
because they contain frequency components between 1 and
10 Hz where most of the power of the BCG signal is found.
3.5. Respiratory Rate Calculation. An algorithm for RR calculation was implemented using the respiratory signal obtained
from raw EMFi data. It works by recognizing inspiration and
expiration cycles from respiratory waveform and extracting
features such as area, width, and maximum and minimum
of each cycle to discriminate valid respiration from artifacts
produced by movements. The implemented algorithm was
based on [30, 31].
Figure 5 shows a typical respiration waveform where it
is possible to observe the features used by the algorithm to
detect valid respiration. First of all, the respiratory signal or
𝑅LOC is filtered using a 500-sample moving average to obtain
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Figure 5: Respiration waveform and the features used by the RR
algorithm.

its baseline, hereafter called 𝑅FILT . It defines 2 cycles according to the crossings with 𝑅LOC : a positive cycle associated with
the inspiration, when 𝑅LOC > 𝑅FILT , and a negative cycle
associated with the expiration, in the other case. These cycles
are characterized by their area, width, and maximum and
minimum values. The area for the positive cycle (𝐴 + ) and
negative cycle (𝐴 − ) is defined as ∑𝑁
𝑖=0 |𝑅LOC (𝑖) − 𝑅FILT (𝑖)|,
where 𝑖 is the 𝑖th sample of 𝑅LOC and 𝑅FILT from the beginning
(𝑖 = 0) to the end (𝑖 = 𝑁) of the cycle. The width of a positive
cycle (𝑊+ ) is defined as the number of samples from the first
crossing (when 𝑅LOC > 𝑅FILT ) to the second crossing (when
𝑅LOC < 𝑅FILT ). For a negative cycle (𝑊− ), it is defined as the
number of samples from the second cross until the third cross
(or the first cross for the next respiration). The maximum
value of 𝑅LOC during a positive cycle (𝑝+ ) and the minimum
value of 𝑅LOC during a negative cycle (𝑝− ) are measured to
calculate the amplitude of 𝑅LOC as |𝑝+ − 𝑝− |.
After a complete cycle, new values of 𝐴 + , 𝑊+ , 𝑝+ , 𝐴 − ,
𝑊− , and 𝑝− are calculated. Then, the algorithm moves to
a decision stage to determine whether valid respiration is
detected. The decision stage checks three conditions: (1) the
ratio of 𝑊+ to 𝑊− is greater than 0.3 and less than 1.3, (2) the
ratio of 𝐴 + to 𝐴 − is greater than 0.4 and less than 2.5, and
(3) the absolute amplitude of the current respiratory cycle is
greater than 50% of the amplitude of the previous respiratory
cycle.
These thresholds were determined empirically. If all three
conditions are met, a valid respiration cycle is detected;
otherwise, the cycle is considered noise. To calculate RR,
at least two consecutive valid respiration instances must be
detected.
3.6. Heart Rate Calculation. An algorithm to calculate HR
was also implemented using BCG signals extracted from raw
EMFi records. It works by looking for possible beats in zones
of BCG signal with high energy.

where 𝑞 is a 30 ms sliding window. Then, a peak detector
is applied to the energy signal to detect high energy peaks.
When a peak of energy is detected, a window of 700 ms is
scanned in the BCG signal to detect potential beats. Consecutives maxima and minima of BCG signal inside the
700 ms window are used to calculate the Euclidean distance
and the slope of the straight line generated between these two
points. Once the 700 ms window is scanned completely, the
segment with the longest distance and the minimum slope
is considered a potential beat. Finally, if the time between
the maximum and the minimum of the selected segment is
less than 0.5 seconds, a valid beat is assumed; otherwise, it is
treated as noise. Figures 6 and 7 show the flow diagram and
an example of the algorithm.
3.7. Heat Index Calculation. 𝑇AMB and RH measured by the
SHT15 sensor were used to calculate the dew point and the HI.
These parameters are tabulated in ranges of exposure and the
possible effects on human body if the exposure is prolonged.
The dew point has been described as a possible indicator of
the symptoms exacerbation produced by heat in MS patients
[32]. High dew point values (usually over 17∘ C) can increase
the probability of the symptoms worsening. On the other
hand, the HI provide warnings due to heat-related illness such
as sunstroke, heat exhaustion, and fatigue which can affect a
diverse group of at-risk people such as children, the elderly,
and people with disabilities. Table 1 shows established ranges
of exposure for HI and dew point.
3.8. Pilot Study. A pilot study was conducted to evaluate the
capabilities of the system [25]. To this end, volunteers were
recruited from the Boston Home (TBH), a specialized care
residence for people with advanced MS and other neurological diseases. To participate in this study, all participants
should be full-time wheelchairs users with severe disability. Also, their wheelchairs should be electric-powered and
equipped with at least a tilt-in-space system and an inflatable
pressure relief cushion as methods to relieve pressure.
The protocol consists of deploying the prototypes on the
wheelchairs at the beginning of the study. Every day, before
the volunteers start to use their wheelchairs, the prototypes
are checked to avoid technical issues. Then, prototypes
collect data continuously during the whole time spent on the
wheelchair. This study was approved by the MIT Committee
on the Use of Humans as Experimental Subjects.

4. Results
The study was conducted during a period of 2 weeks. Six TBH
residents consented to participate in this study: 4 women and
2 men (hereafter called S1 to S6) with a mean age of 56 ± 12
years. All were diagnosed with a progressive form of MS. The
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Figure 6: Flow diagram of the peak detection algorithm to calculate HR from BCG.
Table 1: HI effects on people in high risk group and effects of dew point on MS.
Dew point

Heat index
∘

HI ( C)
Above 54

41–54

32–40
26–31

General effects
Highly likely heat or sunstroke with
continued exposure
Likely sunstroke, heat cramps, or
heat exhaustion; possible heatstroke
with prolonged exposure and/or
physical activity
Possible sunstroke, heat cramps, or
heat exhaustion with prolonged
exposure and/or physical activity
Possible fatigue with prolonged
exposure and/or physical activity

∘

Dew point ( C)

MS symptoms

Above 17

Severe

14–17

Moderate

11–15

Slight

5–10

Very slight

Energy of BCG
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Figure 7: (a) Peak detection over the energy of BCG. (b) Beat
detection over BCG signal. The dashed line rectangle indicates the
700 ms window.

mean time after diagnosis was 24 ± 6 years. The Expanded
Disability Status Scale [33] varies between 7.5 and 8.5 which
indicates a high disability level. All participants use a pressure
relief cushion manufactured by ROHO®.
Figure 8 shows the AI and the wheelchair occupancy
distribution from all subjects during the period of 39 days
of data collection. On average, the participants presented
an activity index of 18.6 ± 11.3% with a maximum of 61.1%
and minimum of 5%. In most cases (29 days), the subjects
showed an AI between 10% and 30%. Only in 2 days (2.2%
of time) did they present an AI greater than 30%. Regarding
the wheelchair occupancy, the participants spent on their
chairs 6.38 ± 1.72 hours per day. The maximum occupancy
registered was 10.58 hours and the minimum was 2.17 hours.
On most days (17 days), the subjects spent between 4 and 6
hours (44%) on their wheelchairs. Only in 3 days (7.7%) was
the wheelchair occupancy less than 4 hours. On the rest of the
days, the occupancy time was distributed as follows: 6–8 hrs
in 12 days (31%), 8–10 hrs in 6 days (15.4%), and over 10 hrs
in 1 day (2.6%). Figure 9 shows a full report of activity and
wheelchair occupancy registered for S1. On average, S1 used
her chair 7.47 ± 0.92 hours/day. During this time, she showed
an AI between 20% and 30%, except for day 3 where the AI
reached 48%. The increase in the AI is coincidental to when
S1 left the nursing home to go to a shopping mall.
There are several recommendations about the frequency
to relieve pressure. Some guidelines recommend relieving
pressure every 15 min [34]; other guidelines recommend
longer intervals such as every 1 hour or every 2 hours
[35]. Only 2.1% of PRT performed by the subjects meet the
recommendation if the interval is every 15 min, 25.8% if the

interval is every 1 hour, and 57.7% if the interval is every 2
hours. For instance, Figures 10 and 11 show two different cases
of pressure relief patterns: a subject who performs several
PRT and another who does not. Figure 10 shows a full record
from S1 during day 9, where the subject performed 10 PRT
during a period of 9.47 hours on the chair. Each tilt lasted
16 min, on average. On the other hand, Figure 11 shows S4
performing only 1 PRT during a period of 10.58 hours spent
on the wheelchair. In this case, each tilt lasted 1.25 hours on
average. It is also possible to observe that the subject only
touches the sensors on the backrest when tilting which can
be an indication of bad posture.
Figure 12 shows a histogram that reflects the time intervals spent by the subjects on their chairs without performing
a PRT. S1 and S2 achieved shorter intervals. 18.9% of the
intervals for S1 and 5.1% for S2 were under 1 hour. For S1, most
of the intervals (41.7%) were between 1 and 2 hours. On the
other hand, more than 50% of the intervals spent by the rest of
the subjects (S2 to S6) were longer than 3 hours, exceeding all
recommendations to avoid PU. The maximum was registered
by S6, with 93.9% of the intervals over 3 hours. There were
days when S2 to S6 did not perform PRT at all. For instance,
S3 spent 3.57 hours without tilting the chair during day 6.
If this situation is frequent, the subject is prone to develop
PU. However, the situation is more risky when the wheelchair
occupancy is high. For instance, S6 spent 9.18 hours on
the chair without performing a PRT during day 1, four
hours more than S3, increasing the probability of developing
PU. The average duration in a PRT position is 1.57 hours.
However, those who perform frequent PRT spent a shorter
time in a tilted position than the subjects who do not. For
instance, S1 spent 21 minutes in a tilted position on average.
On the other hand, S6 spent around 4.5 hours in this position.
Regarding vital signs calculation, raw EMFi signals were
acquired and processed to estimate HR and RR. As data
was collected during patient’s daily life, signals were severely
affected by noise. Situations like wheelchair driving, operation of the tilt-in-space system, wheelchair crashes, subject’s
movements, and any technical issues that affect signal quality
destroy BCG and respiratory cycles, rendering it impossible
to estimate vital signs. However, when the subjects stay calm
on their wheelchairs during passive activities (e.g., taking a
nap, watching TV, and/or resting), it was possible to estimate
vital signs. For example, Figure 13 shows over 1 hour of record
obtained from S1. During this period, the HR and RR averages
were 90.9 ± 6.2 beats/min and 14.7 ± 0.8 breaths/min, respectively. It is possible to observe clean segments of the raw EMFi
signal as well as segments that are affected by severe noise
(marked with rectangular areas). HR and RR trends were estimated only when clean signals are detected. The algorithms
are stopped to reduce false detection in noisy segments. The
collected data show that raw EMFi signals are clean between
40% and 50% of the wheelchair occupancy time.
In the study, it was usual to observe the residents resting
in their chairs or taking a nap. During this time, the system
was able to capture respiratory abnormalities such as apneas.
Figure 14 shows a 5 min record captured from S3 where
it is possible to observe 4 consecutive apneas lasting more
than 15 sec each, a condition that would be very difficult to
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Figure 9: Wheelchair occupancy and AI registered by S1 during a
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ADC samples

25.4%

00:00

48.5%

01:00

15:00
18:00
Time (HH:MM)
(a)

1600
1400
1200
1000
800
600
12:00

15:00
18:00
Time (HH:MM)
(b)

(Deg.)

23.2%

5
6
Study days

03:00
02:00

12:00

74.6%

70.6%
29.4%

76.8%

76.5%
23.5%

71.6%
28.4%

2

79.5%

1

20.5%

79.6%

04:00

20.4%

05:00

77.3%

06:00

51.5%

07:00

22.7%

Total occupancy duration (HH:MM)

10:00

−30
−40
−50
−60
−70
−80
−90

12:00

15:00
18:00
Time (HH:MM)
(c)

detect otherwise. Apnea events, usually associated with sleep
apnea, affect the cardiovascular system producing progressive
damage to the heart [36].
As mentioned before, people with severe mobility impairment are very sensitive to heat, which can produce exacerbation of the symptoms and/or heat-related illness. For
this reason, caregivers should be extra careful when patients
spend time outside in summer. For example, TBH provides
some recommendations for residents and caregiver staff
to avoid dangerous heat exposure. The recommendations
include checking patient’s status every 30 min while they are
outside and avoiding exposure to 𝑇AMB above 35∘ C or HI
greater than 35∘ C. However, the protocol relies on human
evaluation and is susceptible to failure. Sometimes high
workload in nursing homes can lead to forgetting checking on
patients as what happened in [2] with fatal consequences. The
implemented system allows monitoring ambient conditions
continuously, which can be used for a potential alarm system.
For example, Figure 15 shows a full-day record of 𝑇AMB and
RH used to calculate HI and dew point value. It is of note
that the wheelchair user went outdoors for almost an hour,
a period of time where the temperature rose to 30∘ C. These
values are classified both by the HI and by the dew point as

Figure 10: Pressure and angles recorded from S1 wheelchair for 9.47
consecutive hours. (a) FSRB , (b) FSRS , and (c) angle data are labeled
with the PRT detection. In this case, S1 registered 10 PRT, with an
average tilt duration of 16 min.

dangerous exposure, implying that the patient should go back
inside.

5. Final Hardware
The final system was implemented in a single board computer
(SBC) in order to reduce the power consumption and have a
self-contained system that does not require external processing. The SBC is a Raspberry Pi 2, Model B running Raspbian
Jesse Linux OS. The algorithms and the alarm system were
programmed in Python. The main characteristics are shown
in Table 2.
5.1. Single Board Computer Setup. The SBC and its main
accessories are shown in Figure 16. The MCU acquires data
from the 4 sensor types: EMFi, FSR, ADXL335, and SHT15.
Then, data is labeled and packaged and sent to the SBC

ADC samples
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Table 2: Technical specifications for Raspberry Pi 2 SBC.
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connected to the Internet via WiFi, an email is also sent to
the configured account to alert a caregiver.

(Deg.)

5.2. Alerts. The programmed alerts can be divided into 3
groups.
12:00
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Figure 11: Pressure and angles recorded from S4 wheelchair for 10.58
consecutive hours. (a) FSRB , (b) FSRS , and (c) angle data are labeled
with the PRT detection. In this case, S4 presents only one PRT lasting
1.25 hours.

(i) “The system is on”: this indicates the start of the
data processing, once a person is detected in the
wheelchair.
(ii) “The system is off”: this indicates the end of data processing and is issued when the pressure sensors indicate that the person has left the wheelchair.

(i) “Please, go to a cooler place”: this is issued when the
user has been in the 26–31∘ C range for more than
1 hour or in the 32–40∘ C range for more than 30
minutes.

90
Normalized frequency (%)

(i) General Information. This group comprises the following:

(ii) Heat Index Alarms. This group comprises the following:
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(ii) “You must go to a cooler place”: this is issued when
the user has been in the 41–54∘ C range for more than
20 minutes.

50
40

(iii) “You must go to a cooler place, immediately”: this
is issued when the user has been in the highest
heatstroke level, over 54∘ C, for more than 5 minutes.

30
20
10
0

Value
900 MHz quad-core ARM Cortex-A7
1 GB
8 GB SDHC class 10 card
Raspbian Jessie Linux
3.5 mm jack, HDMI
85.6 mm × 53.98 mm
800 mA (4.0 W)
5 V through micro USB or GPIO header

18:00

(b)

−30
−40
−50
−60
−70
−80
−90

Characteristic
CPU
RAM
Storage
OS
Audio and video
Size
Power consumption
Power supply
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Figure 12: Time intervals in the absence of PRT obtained from all
subjects.

through RS-232/USB adapter, at 57.6 kbps. The SBC runs the
tilt, activity, HR, RR, apnea detection, and heat index algorithms to process the information from the sensors and issues
alarms or recommendations to the user. The notifications are
issued using recorded voice messages sent through a standard
3.5 mm jack into a powered speaker. When the system is

(i) “Please, tilt the chair”: a tilt is recommended after one
hour without PRT.
5.3. SBC Performance. The performance of the SBC was evaluated in terms of power consumption and processing load.
The average power consumption is 0.374 A at 5 V. This is 56%
lower than the first version using a netbook. The whole system, considering the MCU and sensors, requires 0.624 A. The
average load in 60 s of the SBC is 8.05%. The Python program
uses 7%, leaving enough processing power for other tasks.

6. Discussion
The implemented system captures pressure relief habits,
activity level, vital signs, and ambient conditions unobtrusively during daily activities. Analyzing the data acquired
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Figure 13: (a) RR and (b) HR series obtained from raw EMFi signals. Rectangular areas mark the zones of (c) BCG signal detected as noise.
Vibration during wheelchair driving and subject’s movements produces (d) noise signals. When this occurs, the algorithms to calculate HR
and RR are stopped. Only during (e) clear BCG signals are vital signs estimated.

from noninvasive sensors, useful parameters are obtained
such as wheelchair occupancy, activity level, PRT per day,
heart and respiration rate, apneas, and ambient heat index,
which are useful to suggest actions that can improve life
quality or to provide objective information to clinicians about
social engagement and physiological status.
Multiple data sources are combined to determine the
status of the subject. During activity periods, as determined

by the accelerometer, the HR and RR algorithms are turned
off. PRT is validated when both accelerometer and pressure
sensors show that pressure relief has been produced. However, advanced methods of data fusion were not included for
lack of a better framework to integrate sensor data [37]. For
instance, RR is present in both the FSR and the EMFi sensors,
but the information is only extracted from EMFi. Also, as
proposed in [38], valuable information could be obtained
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Figure 14: Four consecutive apneas captured by (a) the EMFi and
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Figure 15: HI and dew point data as a wheelchair user moves
outdoors after lunch, in the summer. (a) Calculated dew point, (b)
𝑇AMB from the sensor and calculated HI, and (c) RH from the sensor.

from the social interactions between users of the system, as
a proxy for mental decline.

The pilot study conducted shows that most of the subjects
spent long periods of time on the wheelchair, but they present
a low activity level (AI between 10% and 30%) due to their
severe disability. However, we also found some participants
who spent a short time on it (wheelchair occupancy < 4 hours
in 7.7% of the monitored days). This can be explained by the
fact that the volunteers recruited for this study are affected
by advanced MS, which is characterized by fatigue and/or
depression [39]. These symptoms seriously affect the mood
and the capacity to perform daily activities which can lead
to spending more time in bed. In this case, the usage of this
assistive device could be complemented with nursing care
and/or assistive devices focused on the time spent in bed.
The results also show that the subjects did not relieve
pressure in a proper way using the tilt-in-space system. This
result is similar to those presented in [15]. In most cases, the
subjects did not comply with the recommendations related
to the frequency of pressure relief. They spent long periods
(over 3 hours) without performing a PRT. In addition, during
the study, there were entire days when the subjects did not
perform PRT. If these situations recur frequently and the
subjects spend long hours on the chair without relieving
pressure, the probability of PU increases.
No pressure changes and tilt absence during long period
of time should cause a warning to be sent to caregivers/family
member or patient to avoid pressure ulcers. The designed
system will allow implementing an alarm system which helps
remind the subjects when they should tilt their chair. The
collected data shows the feasibility of implementing just-intime personalized alarms or reminders for PRT with a much
better expected outcome than general broadcast reminders or
“once in a while” nursing reminders. In this study, the system
was deployed for wheelchair users living in a nursing home;
however, it can also provide valuable assistance in a homecare environment.
Regarding vital signs, HR and RR were obtained from raw
EMFi signals. Although there are periods of time where it is
not possible to estimate vital signs due to severe artifacts, the
system is able to acquire information that it is not collected
normally. Usually caregivers measure vital signs once a day
using methods such as taking the pulse on the wrist or
counting the patient’s breaths. The obtained vital signs are
useful to improve patient’s care through assessing their vital
signs continuously to quickly assist in case of emergency.
RR information was also useful for detecting apnea events
during the day. This was a particularly interesting finding,
because, up to this point, caregivers could only register
apnea events through obtrusive and uncomfortable methods
such as polysomnography. Also, measuring vital signs allows
knowing a patient’s normal ranges considering their impaired
condition. During the data collection, it was clear that
even a simple “noninvasive” pulse oximeter to capture HR
can produce discomfort in patients with advanced chronic
diseases such as MS. For this reason, it is important to look
for alternative ways of measuring vital signs in these patients.
In relation to heat exposure, which is a real concern in
assisted living facilities, the collected data show that patients
are exposed to high temperatures which can affect their
health status. Reminders targeted at the wheelchair user
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Figure 16: Raspberry Pi 2 board with USB serial data connection, WiFi module, external speaker, and micro USB power source.

and/or caregivers regarding current ambient conditions also
contribute to preventing risky exposure and improving care.
All these alarms and reminders were successfully programmed on a Raspberry Pi 2 Model B (900 MHz quadcore ARM Cortex-A7, 1 GB RAM, Raspbian Jessie Linux).

This single board computer is powerful enough to replace
the netbook used for the original data collection. In the
Raspberry Pi 2, a Python program is in control of issuing
context-aware recommendations such as “Please, tilt the
chair” after a long time in the same position or “You must go

Mobile Information Systems
to a cooler place, immediately” when in risk of heatstroke. For
medical conditions, such as abnormal heart rate, respiration
rate, and apneas, an email is sent to the appropriate caregivers.
The system is performing as expected.

7. Conclusion
The proposed system with the selected unobtrusive sensors was able to detect daily activity events in long-term
wheelchair users. All sensors were able to provide sufficient
ambient and physiological information to provide contextaware recommendations, both to the user and to the caregivers to improve care. The real-time conditions considered
to develop a reminder and alarm system from the acquired
data are (1) normal condition, (2) pressure relief warning, (3)
heatstroke warning, (4) abnormal HR (high or low), and (5)
abnormal RR (high or low and apneas).
Conditions (1) and (2) are best communicated directly to
the wheelchair user, as voiced recommendations (“Please tilt
your wheelchair”) or alarms (“Go back to a cooler location”)
to try to influence or correct behavior. Depending on the
situation, they can be escalated as alarms to a caregiver or
family member via email notification, SMS messages, or popup windows in a nursing station. Medical conditions such as
abnormal HR or RR acquired from the BCG data are sent
via email to the caregivers as notification in order to avoid
unnecessary stress for the patient.
The data collected at the Boston Home show that lack
of tilting, adverse ambient conditions, and apnea events do
occur; hence, this system would be a useful addition to
support daily activities in long-term wheelchair users. In
this way, it is expected that the care of these patients will
be improved without any discomfort, thus increasing their
quality of life.
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