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Abstract: Body sensor networks provide a platform for ubiquitous healthcare, driving the diagnosis in hospital static
environment to the daily life dynamic context. We realized the importance of sensing of activities, which is not only a
dimension of human health but also important context information for diagnosis based on the physiologic data. This paper
presents our ubiquitous healthcare system, uCare. It consists of uCare devices and a server system. Currently, the uCare
system is designed for cardiovascular disease (CVD) examination and management. The uCare device has been tested in
a trial in Beijing Hospital. The uCare system will be further tested in elderly care at home and exercise management in
training to measure heart dynamics during training.

Keywords: Body sensor networks; Healthcare applications; Sensor fusion; Ubiquitous healthcare

1 Introduction
There have been a lot of efforts on developing home

care and wearable healthcare systems. AlarmNet by Vir-
ginia is an example [1] for assisted living and residential
monitoring. AlarmNet integrates environmental, physio-
logic, and activity sensors in a scalable heterogeneous
architecture. When talking about context awareness, they
typically refer to a context-aware middleware framework
[2] to integrate and manage multiple heterogeneous sensor
devices in a network environment. Berkeley Tricorder [3]
is a wearable health monitoring device capable of measur-
ing a subject’s electrocardiogram (ECG), electromyography
(EMG), blood oxygenation, respiration (via bioimpedance),
and motion. All above works are focused on the platforms
either wearable or networked. Few have focused on sensor
data fusion and data analysis methods to provide tools for
diagnosis in daily life environment.

Here is medical experts’ view on the wearable technolo-
gies for healthcare [4]: It is demonstrated that the usage of
wearable monitoring devices that allow continuous or inter-
mittent monitoring of people in their daily life is critical for
the advancement of both the diagnosis and treatment. The
usual clinical or hospital monitoring of physiologic events,
such as the ECG or blood pressure, has three limitations: 1)
they are likely to fail in sampling rare events that may be
of profound diagnostic, prognostic, or therapeutic impor-
tance; 2) they fail to measure physiologic responses dur-
ing normal periods of activity, rest, and sleep, which are
more realistic indicators of the health of the patient and the
patient response to therapeutic intervention; and 3) brief
periods of monitoring cannot capture the circadian vari-
ation in physiologic signals that appear to reflect the
progression of disease. That means, ubiquitous healthcare
using body sensor network technologies in daily live con-
text is believed to be the next generation of medical tech-
nologies. We started our research on body sensor networks
for ubiquitous healthcare from 2004, and developed a three-
tier sensor networks system for elderly activity monitoring
[5]. What we have learned from our research experiences
are as follows:

1) As a research discipline, body sensor networks call for

killer applications. Our uCare system is focused on CVD
and elderly care because CVD is the number 1 killer of
human beings. According to the American Heart Associa-
tion (AHA) heart disease statistics 2005 update, more than
one quarter, or 70,100,000, of Americans suffer from one or
more types of CVD. 27,000,000 are estimated to be 65 or
older. As the elderly population keeps growing (the world-
wide population over 65 is expected to be more than double
from 357 million in 1990 to 761 million by 2025), the pop-
ulation suffering from CVD will grow as well. To meet this
increasing demand of specialized care for CVD patients,
developing personalized home care solution using our pro-
posed body sensor networks is of importance.

2) The basis of ubiquitous healthcare is context-aware
data acquisition and analysis. Here, we divide all sensor data
into two categories. One is physiologic data, and the other
is context data that further consist of subject activity, psy-
chological status, and environment. Context data relate to
situation where the physiologic data are captured. The
importance of context information must be addressed in
healthcare in daily life. The activity types and intensity
play very important role. For example, heart rate of 120 per
minute is fine if we know the person is running. It is problem
if he is sitting quite for sometime already. Context-aware
ubiquitous body sensing, context-aware multiple sensor-
data fusion, and context-aware diagnosis and therapy will
provide basis for healthcare in daily life at home, at work,
and on the move, shifting the healthcare emphasis from hos-
pital to home and community, from curing diseases by med-
ical experts to self-care and fitness.

3) Applications call for application-specific hardware and
software systems. Therefore, we have moved away from
universal sensor node platform, tinyOS, and Zigbee wire-
less communication. Instead, we choose to develop our
own wearable devices for wearability and power efficiency.
We adopt Bluetooth because we have to communicate with
smart phones in our application.

In the rest of the paper, we first describe the overall
architecture of our uCare device and system in Section
2. The ECG processing, activity classification, and the
context-aware information fusion are presented in Sections
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3, 4, and 5, respectively. Section 6 is the conclusion.

2 Architecture
Fig. 1 is the block diagram of the uCare system. A

uCare system consists of a server and multiple uCare de-
vices. A uCare device consists of a wearable computer and
one or more body sensor nodes. As shown in Fig. 1, there
are two categories of sensors: physiologic sensors may in-
clude ECG, blood pressure meter, and SpO2, while context
sensors may include accelerometers to measure activities,
galvanic skin response (GSR) to measure skin conductiv-
ity, which related to psychological status, and microphone
to measure environment noise level. Sensors are in sensor
nodes, which perform data collection, preprocessing, and

wireless transmission to the wearable computer. We use
smart phone in uCare device as wearable computer. It re-
ceives data from sensor nodes via Bluetooth and communi-
cates with the server through Wifi.

Two categories of sensor data are processed in the wear-
able computer by two modules: vital signal processing and
context data processing. For example, ECG data will be first
processed to reduce the noise and reform the baseline from
disturbances, and then to identify and locate the QRS com-
plex, and finally locate the ST segment. By those processes,
heart rate and ECG waveform morphological changes will
be evaluated. Meanwhile, activity types are classified and
activity intensity is calculated using accelerometer data.
Context-based fusion of ECG processing results and activ-
ity information will be able to estimate heart status.

Fig. 1 Block diagram of context-aware healthcare system.

There is a local database in the uCare device and a central
database in the server. The local database stores the sensor
data and processing results. Abnormalities detected will be
accompanied by original ECG waveform, activity informa-
tion, and time stamp. The local database also stores personal
profile of the wearer, the system parameters of sensor nodes,
and the settings of the uCare device, for example, warning
threshold, warning event definition, etc.

There is a body sensor network management module in
the wearable computer, which is a simple version of a mid-
dleware to monitor the status of the sensor nodes (shown
in Fig. 2). The parameters of those sensor nodes, includ-
ing sampling rate and communication protocol parameters
in the local database, are updated regularly through Blue-
tooth communication. The sensor nodes will be reset if there
is any parameter change in the local database. That change
may be the result of interactive function of “setting” by the
user or database synchronization with the central database.
On other hand, the event of battery level changes will drive
the local database update, and consequently the central
database update as well. When the battery level reaches the
threshold, a warning message will be sent to the user.

Warning on the event of abnormalities is triggered the
same way. There is a database entry defining a warning
event. The parameters include the name of the abnormality,
the function that detects the event, the threshold, the action,
the destinations of the message to be sent, and the message
and data items to be sent, etc. When the abnormality is de-
tected, or the output of the detection function reaches the

threshold, the event is triggered.

Fig. 2 uCare device worn on the chest and up arm (left). The sensor node
has dimension of 56 × 32 × 16 mm and weight of 25 g (bottom
left). The smart phone screens (right) show two scenarios of sitting
and running, when the heart rate are 76 and 121 bpm, respectively.
The running speed is 180 steps per minute.

3 ECG signal processing
ECG carries important information of one’s heart status.

Many heart diseases can be diagnosed by analyzing ECG
waveforms. Computer detection of abnormal beat can au-
tomate the cardiovascular disease monitoring. As the basic
and crucial step of ECG signal analysis, QRS detection di-
rectly affects the accuracy of ECG segmentation and abnor-
mal beat recognition.
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3.1 QRS complex detection
There has been a lot of work in ECG signal processing. In

reality, the detection ratio, robustness, and time accuracy are
important factors in applications. The objectives here are to
develop QRS detection algorithm that performs well with
respect to all three factors. We make use of the property that
symmetric wavelet decomposition can be used to retrieve δ-
function-peak location precisely [6]. The coefficients have
local maxima at the signal transient points. Digital wavelet
transform (DWT) combined with cubic spline interpolation
is proposed as a preprocessor. DWT aims to separate base-
line drift, QRS complex, and high-frequency noise. The fol-
lowing interpolation is employed to densify the coefficients
of each decomposition level. In addition, an improved dy-
namic weight adjusting strategy is adopted to assign proper
weight for each level to further enhance the signal-to-noise
ratio (SNR).

The main idea behind this algorithm is that the absolute
values of DWT coefficients, generated by decomposing the
signal with a symmetric mother wavelet, have local max-
ima at the signal transient points. How to exploit these lo-
cal maxima determines the algorithm’s performance. Each
data segment with length N (N is set to 32) is input con-
secutively to perform wavelet transform. The coefficients of
3rd, 4th, and 5th levels are preserved because the energy of
QRS complex is mainly concentrated on these three levels.
The coefficient lengths of them are N/8, N/16, and N/32,
respectively, as there is a 2-time down sampling in each de-
composition round. The following step interpolates coeffi-
cients of these levels with gains of 8, 16, and 32, respec-
tively, to densify the time grid. Then, they each have the
same length of N . After that, coefficients of these levels are
assigned with periodically updated weights and summed up
across levels. After preprocessing step, sequence is passed
to a moving integrator,

y(n) =
n∑

k=n−N+1

x(k) (1)

to smooth the burrs, where N is set to number of samples
in 0.1 second. Finally, a peak detector is employed to gen-
erate R peak candidates and an adaptive threshold detector
to locate R peaks.

It is known that wavelet coefficient has high time reso-
lution in low decomposition levels and conversely in high
decomposition levels. When wavelet coefficients from dif-
ferent levels are summed up, the final time resolution will
be aligned to that of the higher level. Therefore, it is rea-
sonable to improve high-level resolution to achieve higher
time accuracy. In fact, all these preserved levels are interpo-
lated with different gains. As cubic spline interpolation is a
promising technique to evaluate new points between given
knots, it is employed in the preprocessing step to densify the
wavelet coefficients.

Guaranteeing comparatively high SNR in noise condition
is crucial to the robustness of the detector. As mentioned
above, different weights are assigned to the interpolated co-
efficients of the 3rd, 4th, and 5th levels. Each weight can be
set to the SNR of that level.

wi =
s2

i

n2
i

, i = 3, 4, 5. (2)

However, the “signal” component and “noise” component
cannot be determined precisely, which has a bad influence

on retrieving real SNR of each level, especially in heavy
noise condition. As the QRS is most relevant to coefficients
of level 4, so for other levels, if the weights directly com-
puted from the SNR are larger than a predetermined thresh-
old, it is considered to be unreasonable and reset to a lower
value, as in (3). Otherwise, accept the original weights.
winew = wiu(thi − wi) + thiu(wi − thi), i = 3, 5, (3)

where wi is the weight of level determined directly from (2),
as the threshold, which is an empirical value and is the unit
step function.

We tested the algorithm against the MIT-BIH arrhythmia
database to evaluate the detecting result. There are 48 half-
hour excerpts of two-channel ambulatory ECG recordings,
which are digitized at 360 samples per second. In the test,
only the first channel, marked “MLII”, is used. The statis-
tic results are automatically generated by the evaluator pro-
vided by the physionet site.

Tow parameters, sensitivity Se and positive predictivity
+p, are calculated.

Se =
TP

TP + FN
, (4)

+p =
TP

TP + FP
, (5)

where TP is the number of true positive detections, FN
refers to the number of false-negative detections, and FP
stands for false-positive detections. In total, there are 90,989
TP beats, 296 FN beats and 375 FP beats. Therefore,
the sensitivity and positive predictivity achieved are 99.68%
and 99.59%, respectively. Time accuracy is also taken into
account. The total root mean square error turned out to be
15.43 ms.

Test results demonstrated that symmetric wavelet is
suited to precisely locate the R peaks in ECG signal. There
is a local maximum in the wavelet coefficients at the same
time the R peak occurs. How to exploit the local maxima
of wavelet coefficients is the key of the algorithms. In this
paper, spline interpolation is adopted to improve time reso-
lution of wavelet coefficients in high decomposition levels,
which generates smooth curves and suppresses noise to the
highest extent. In addition, an improved dynamic weight ad-
justing strategy is used to improve the SNR in heavy noise
condition. Test results have shown the algorithm’s robust-
ness and high time accuracy.
3.2 Abnormality detection

The ECG abnormalities uCare can detect now include
both abnormal rhythm and premature ventricular contrac-
tion (PVC). Rhythm abnormality includes anisorhythmia,
tachycardia, bradycardia, pause, and premature beat. Activ-
ity of the user is used as context information in arrhythmia
detection. In current AHA definition of arrhythmia, abnor-
mal rhythm is only defined when the user is at static status.
To follow the AHA definition and detect arrhythmia in daily
life, the activity of the subject is checked before starting
the arrhythmia detection function. That is, the arrhythmia
detection function is triggered only when the subject is in
static status (lying, sitting, and standing) for certain time,
for example, more than 5 minutes. Study is carried out on
arrhythmia detection on the move.

PVC detection process is shown in Fig. 3. The whole al-
gorithm consists of two main steps, namely ECG signal pre-
processing and template matching. The preprocessing step
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is used for baseline wandering removing and signal ampli-
tude normalization to suppress factors that are not related to
the type characteristics. In the template matching process,
normalized ECG beat waveform is matched against a set
of PVC templates, which are preselected to represent PVC
variations. To accommodate waveform morphological vari-
ations, dynamic time warping (DTW) is used to calculate
the distances between the input beat and all templates. The
input beat is classified as PVC if the smallest distance with
template set is below a threshold.

Fig. 3 Diagram of PVC detection process.
Template set selection is critical in the process. The se-

lected templates should well represent all types of PVC
waveforms. In the practice, we manually collect as many
as possible PVC waveforms. After preprocessing, all PVC
waveforms are feed into a clustering algorithm (isodata or
k-mean) with DTW distance as the distance measure. After
clustering, those cluster centroids are used as templates.

We have tested our algorithm in Beijing Hospital, where
we select two patients and let them wear Holter and our
uCare device at the same time. The results show that our al-
gorithm has achieved slightly higher PVC detection sensi-
tivity level with the Holter manufactured by a U.S. company
currently used in the hospital.

4 Activity classification and quantification
Activity is the most important factor in health monitoring.

The uCare system allows options to use 1, 3, 5, or 7 sensor
nodes in activity classification and gait analysis. Here, we
present activity classification and movement estimation for
1 and 3 sensor nodes cases.
4.1 Activity classification with 1 sensor node

With a triaxial accelerometer attached on the waist, an ac-
tivity classification method is developed to classify subject’s
daily physical activities, including lying, sitting, standing,
walking, running, and falling. First, energy measure is used
to distinguish between static postures and dynamic activi-
ties: ⎧⎪⎪⎨

⎪⎪⎩
Ek =

N∑
i=1

|ak,i − āk|, k = 1, 2, 3,

TE =
3∑

k=1

Ek,

where k stands for the kth axis and N is the sliding window
size; here, we chose 2 seconds with 1 second data overlap.
ak,i is the ith acceleration data of the kth axis and āk is the
average value of the kth axis. Orientation of each axis was
used to distinguish among static postures, and walking and
running are distinguished using a fixed threshold. Falling is
detected by the maximum differential value of vertical ac-
celeration.

Transitions between activity types are also important, and
we list some of them as activity types as well. For example,

getting up and standing up are critical actions that affect
blood circulations and may lead to falls for elderly. Tran-
sition probabilities are used to further improve the activity
classification accuracy.
4.2 Low limb movement estimation

Low limb movement estimation is crucial in activity and
gait analysis. Here, we present low limb movement estima-
tion using 3 accelerometers with our hybrid Bayesian net-
work (HBN). Three accelerometers are attached to waist
and thighs as shown in Fig. 4.

Fig. 4 Placement of the mote and variables of the accelerometer.
Fig. 4 shows the placement of the sensor on the right

thigh. In “swing forward” and “swing backward” phases of
a gait cycle, the movement of the thigh is stable and the
driving force from muscle is comparably small, the sys-
tem equation can be modeled by constant-angular-velocity
model. The average angular velocity can be learnt online
and used as a control variable in the state dynamic function,
and then the state dynamic function of the system can be
written as

Xk = AXk−1 + Bu + W, (6)

where Xk = [θk vk ak bk]T and Xk−1 = [θk−1 vk−1

ak−1 bk−1]T are the state variables at time k and k − 1, re-
spectively. u = [0 uv 0 0]T is the control variable, where
uv is the mean angular speed at swing forward or swing
backward, Kv is a memory factor between 0 and 1.

A =

⎡
⎢⎢⎣

1 ts 0 0
0 1 − Kv 0 0
0 0 1 0
0 0 0 1

⎤
⎥⎥⎦ and B =

⎡
⎢⎢⎣

1 0 0 0
0 Kv 0 0
0 0 1 0
0 0 0 1

⎤
⎥⎥⎦ are

the state transition matrix and control matrix, respectively,
where ts is the sampling interval. In equation (6), W =
[wθ wv wa wb]T is the system noise. wθ, wv, wa, and
wb are noise of the respective state variables. Although W
is non-Gaussian distribution and can be approximated by
mixture Gaussian distributions, here we only consider the
most significant component and assume W to be indepen-
dent, zero mean Gaussian noise with distribution given be-
low:

P (wθ, wv, wa, wb) ∼ N(0, Q), (7)

where

Q =

⎡
⎢⎢⎣

Qθ 0 0 0
0 Qv 0 0
0 0 Qa 0
0 0 0 Qb

⎤
⎥⎥⎦ . (8)
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Qθ, Qv, Qa, Qb are variance of the respective state vari-
ables. During the “heel off” and “heel strike” phases, how-
ever, the state variables may change abruptly due to the
sudden strike or forward force and will not obey the linear
system equation in (6) anymore. To overcome the problem,
we adopt approach in [7] by bringing in control variables
u = [uθ uv 0 0]T, where uθ, uv is the mean vector of
joint probability density function for hip angle and angular
velocity in “heel off” phase or “heel strike” phase, and then
the state dynamic equation can be written as

Xk = AXk−1 + Bu + W, (9)
where

A =

⎡
⎢⎢⎣

1 − Kθ ts 0 0
0 1 − Kv 0 0
0 0 1 0
0 0 0 1

⎤
⎥⎥⎦ , B =

⎡
⎢⎢⎣

Kθ 0 0 0
0 Kv 0 0
0 0 1 0
0 0 0 1

⎤
⎥⎥⎦ .

Kθ and Kv are memory factors between 0 and 1. Other vari-
ables have the same meaning as in equation (6).

For simplicity, we assume that the measurement equation
keeps the same form but with different noise levels in all
phases of a gait cycle. The relationship between the mea-
sured accelerations c, d and the state variables are as{

ck = g sin θk + ak cos θk − bk sin θk + wc,

dk = −g cos θk+ak sin θk+bk cos θk−rv2
k+wd,

(10)

or in matrix form,
Yk = h(Xk) + V, (11)

where Yk = [ck dk]T is the measurement vector, and
V = [wc wd]T is measurement noise. As the same reason
for system noise W , V is also assumed to be independent,
zero-mean Gaussian noise, i.e.,

P (wc, wd) ∼ N(0, R), (12)

where R =
[
Rc 0
0 Rd

]
is the covariance matrix.

In order to represent phases of gait cycle, we use hybrid
dynamic Bayesian network as depicted in Fig. 5 and de-
scribed by the following set of state-space equations:

St ∼ p(St|St−1), (13)
Xt = A(St)Xt−1 + B(St)u + W (St), (14)
Yt = h(Xt) + V (St), (15)

where St ∈ {1, 2, 3, 4} denotes the four phases of a gait
cycle. Because St plays the role of switching, when St ∈
{1, 3}, it indicates that thigh movement is the “heel off” or
“heel strike” phase, equation (13) will be the same as equa-
tion (9); when St ∈ {2, 4}, B(St) is the control matrix that
affects the angular velocity, and equation (13) takes the form
of equation (6).

Fig. 5 Hybrid dynamic Bayesian network representation of the system
model, square nodes are discrete and round nodes are continuous.
S denotes instances of the gait cycle phase with continuous valued
state X and observation Y .

In order to evaluate the hip angle, we usually evaluate
the maximum a posterior (MAP) distribution p(X0:t|Y0:t).
This distribution can be derived from the posterior distribu-
tion p(S0:t, X0:t|Y0:t) by standard marginalization, where
(S,X) is denoted as hybrid state. The posterior density sat-
isfies the following recursion:

p(S0:t, X0:t|Y0:t)
= p(S0:t−1, X0:t−1|Y0:t−1)

× p(Yt|Xt, St)p(Xt, St|Xt−1, St−1)
p(Yt, Y1:t−1)

. (16)

Unfortunately, this recursion is not trackable. Therefore,
we resort to sequential Monte Carlo method (particle fil-
ter) to approximate the posterior distribution, and the exper-
imental results is shown in Figs. 6 and 7 [8]. It is important
to note that for each realization of St, the probability density
function of Xt can be approximated by a Gaussian distribu-
tion using the extended Kalman filter or unscented Kalman
filter effectively.

Fig. 6 Hip angle tracking result using Kalmen filter.

Fig. 7 Hip angle tracking result using hybrid dynamic Bayesian network.

5 Fusion of vital signal and context informa-
tion

Fig. 8 shows the Bayesian network for the fusion of vi-
tal signal and context information to reason for heart status.
The heart status H is a hidden state, while ECG is the mea-
surement, where heart rate R and ECG waveform morphol-
ogy M can be derived. Activity A and temperature T are
two causal factors that affect the heart status. The posterior
probability of the heart status can be calculated as follows:

p(H|R, M, A, T ) =
p(R, M |H, A, T )p(H)

p(R, M |A, T )
. (17)
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Fig. 8 Bayesian network for context-aware data fusion.
Here, activity A takes values of {lie down, sitting, stand-

ing, walking, running slowly, running fast, upstairs, down-
stair}. The temperature T takes values of {hot, warm, cool,
cold}. The heart status H is represented by cardiovas-
cular fitness and takes five states {Excellent, Good, Fair,
Poor, Very Poor}. From the formula, we can see that the

evaluation of one’s cardiovascular fitness requires calcula-
tion of two likelihood functions of p(R, M |H, A, T ) and
p(R, M |A, T ) and the probability p(H). We have entered
into a project on the study of heart dynamics during the
training (HDDT) using uCare devices. After collection of
ECG and activity type, intensity, and duration data, we are
able to derive these probabilities and then to obtain the
norms given the probability of heart status p(H).

Fig. 9 shows the system screen dump of fusion of heart
rate and activities, where the heart rate, activity type, and
motion intensity are plotted along the time line to help the
doctor to learn about the heart rate dynamics. This may help
the doctor to find rules and abnormal heart rate changes dur-
ing the user’s dynamic status.

Fig. 9 System screen dump of fusion of heart rate and activities.

6 Conclusions
We have presented a body sensor network for ubiquitous

healthcare application, uCare system, and discussed the de-
tails regarding architecture, the real-time activity classifica-
tion, ECG signal processing, and context-aware data fusion.
The beta product has passed the first round trial.
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