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Abstract. There is an increasing need to find new ways of managing the European healthcare 

models due to the demographic and socio-economic challenges that result from the fast ageing of 

the population. In particular, the increasing number of elderly people directly entails an increasing 

number of patients with cardiovascular diseases and, in particular, with Congestive Heart Failure 

(CHF) issues. Although with limited physical activity, this type of patients usually remains at 

home, outside the hospital environment. However, this disease causes that their health status 

continues to worsen with episodes of crisis leading to acute deterioration. These episodes, which 

require emergency and long-time hospital admissions, are always preceded by noticeable changes 

in several physiological parameters. In this context, accurate and reliable remote monitoring 

solutions based on state-of-the-art technologies take a main role in order to predict the 

deterioration of CHF patients and improve their quality of life. In the present paper a prototype of 

an implemented non-invasive, wearable sensor platform for Congestive Heart Failure (CHF) 

patients is shown and described. The platform monitors all the required parameters from sensors, 

collects and processes the data in a mobile platform and sends the data to a server. Specifically, the 

present solution monitors the electrocardiogram (ECG), potassium blood content (obtained from 

ECG), average energy expenditure evaluation through activity recognition, skin temperature and 

sweating. The energy expenditure for all the activities was estimated with a mean absolute error of 

0.85 MET.  The error on HR measurements was lower than the 10%. 
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1   Introduction 

Patients with cardiovascular diseases and, specifically, patients with congestive 

heart failure (CHF) are becoming a main concern for the health care models due 

to the continuous ageing of the European population [1]. The needs of this type of 
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patients require a change of the health care model in which limited professionals 

and medical infrastructure face an increasing number of patients along with a 

higher demand of healthcare quality. The model must then move from the concept 

of “disease treatment only” to “disease treatment and prevention”. The aspiration 

is to maintain or even improve the quality of the healthcare while reducing the 

number of hospitalizations and resources devoted to patients by means of a 

continuum of care in either environment: home, nomadic or hospital.  

This ambitious goal requires the use of technologies that may provide accurate 

and long-term monitoring of patient health status while avoiding any invasive 

device in order to increase patient’s acceptability and to present collected data to 

physicians for the proper clinical diagnoses by means of a seamless integration 

with the hospital workflow. 

There have been previous efforts in CHF patient monitoring solutions. A recent 

meta-analysis presents several studies related to remote monitoring for CHF 

disease [2]. However, all of them present several limitations. Either they offer 

only at home devices or do not take into account parameters that can be relevant 

to CHF crisis detection, as skin humidity or ST segment shift with heart range 

changes. Therefore, a necessary previous step is to carefully choose the relevant 

parameters for CHF patients’ care. A literature research was performed resulting 

in a long list of parameters, which were classified in short-term and long-term 

together with its relevance as potential risk factors [3]. The present solution 

focuses on the short-term parameters: electrocardiogram (ECG), potassium blood 

content (obtained from ECG), average energy expenditure evaluation through 

activity recognition, skin and ambient temperature, sweating and ambient 

humidity. This solution differs from other remote monitoring systems for 

healthcare as it is specifically designed for CHF patients [4]. Recent approaches 

[5], [6] offer complete remote monitoring solutions for CHF patients but still 

lacks from some of the specific parameters that will be monitored with this 

solution as sweating or potassium blood content. 

The objective of this work is then the design and implementation of a non 

invasive, wearable solution for continuously monitoring of the relevant 

parameters of CHF patients. This solution comprises the components that are in 

charge of concentrating the data, extracting the proper features and sending them 

to the hospital servers. 
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The paper is organized as follows. The description of the different platforms 

comprising the wearable system is detailed in section 2. Section 3 is devoted to 

the obtained results. The conclusions are presented in the last section. 

2   System description 

As mentioned before, the objective of this work is the design sensor solution for 

continuously monitoring the relevant parameters of CHF patients:  

1. ECG  

2. Skin temperature  

3. Sweating index 

4. Potassium blood content (that will be obtained from ECG) 

5. Average energy expenditure evaluation (that will be obtained from 

activity recognition) 

6. Ambient temperature  

7. Ambient humidity 

In order to increase the acceptability of patients, which should wear it for long 

periods of time, this set of parameters should be measured by means of a non 

invasive, wearable wireless system with the lowest number of devices.  

Taking this recommendation into account, as shown in Fig. 1, the system 

comprises two different straps: one placed at the chest with three modules that 

collect ECG, skin temperature, sweat index and acceleration data; and a second 

one at the thigh with one module in charge of collecting extra acceleration data for 

accurate activity recognition. As observed, the solution measures the 

physiological data that will lead to the five parameters of the previous list. 

Ambient temperature and humidity will be obtained by a different platform. 
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Modules:

ECG

Accelerometer_1/Temperature/Sweat
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WiFi/3G 

ECGAcc1/Temp/Sweat

 

 Fig. 1. Diagram and prototype implementation of the wearable sensor platform. 

 

The modules not only collect the data from different sensors but also send the data 

to a mobile platform by means of Bluetooth
1
, which is a suitable protocol of 

communication between sensors and the majority of mobile devices. Bluetooth 

communication from sensors is provided by Shimmer sensor modules [7]. 

Shimmer modules are an adequate choice for this solution, as they provide 

internal accelerometers that will be used for activity recognition together with 

digital communication protocols (I2C, SPI) for new potential sensors. In addition, 

they offer high storage capacity by means of a 2GB SD card, relatively low size 

and high autonomy if Bluetooth connections are reduced. In fact, the system does 

not have to send data in real time but can save it in the SD card during a certain 

amount of time (up to 60 minutes storage) and send it later whenever the mobile 

platform asks for the information. 

2.1   Electrocardiogram Sensor Platform 

Aimed to reveal cardiac events, the ECG chest belt is a compact wearable device 

designed for the continuous monitoring of a single lead ECG as shown in Fig. 2. 

There are many causes of cardiac events, which may include arrhythmias, heart 

                                                 

1
   Sensor may also use BT LE, ZigBee, Ant+ and other protocols. However in this very moment 

the majority of biosensors and smartphones use only BT. Nevertheles, solution is modular and 

capable to use any other standard. 
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valve disease, cardiomyopathy and so on. Bioelectrical signs such as the mean, 

the minimum (resting) and the maximal (exercise) heart rate (HR), as well as the 

heart rate variability (HRV) have significant prognostic implications for CHF 

patients and may help the medical decision making to identify optimal strategies 

for therapy and rehabilitation. The ECG chest belt is based on the Shimmer base 

platform which includes the ECG sensing device, the signal conditioning 

circuitry, i.e. the low noise amplifiers and voltage reference chips, SD card and 

low-power Bluetooth module. 

 

Fig.2 Customized wearable ECG chest strap 

 

The light weight (~80 g) and compact form factor of the sensor make it very 

suitable for wearable physiological monitoring. The electronic board and its 

enclosure was re-designed to be easily plugged to the common cardio-fitness 

chest straps (i.e. Polar®, Adidas®), which are fully washable while guaranteeing 

an optimal and comfortable contact with the thorax for a long time and adaptation 

to the body shape. The chest strap includes two biocompatible, dry electrodes 

applied directly to the patient’s skin enabling the acquisition of surface 

bioelectrical signals skin preparation, gels, or adhesives. The acquired signals are 

analogue-to-digital converted with 10-bit accuracy and the output signal range is 

tunable from differential (−3 V to 3 V) to single-ended (0 V to 3 V). The firmware 

of the microcontroller adopts a sampling rate of 500 Hz for the ECG transduction; 

anyway it can be set up to 1000 Hz. It uses an appropriate interrupt management 

system to avoid possible loss or overwrite of data transmission for real-time 

streaming or storage on the on-board SD card. The data are real-time collected 

using a low-power Class 2 Bluetooth® Module (RN-42, Roving Network). 
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2.2   Skin temperature and Sweat Index Sensor Platform 

This section describes in detail the module in charge of the skin temperature and 

sweat index data collection. The specifications of this sensor, coming from several 

cardiologists are the ones found in Table 1 [3]. 

Table 1.  Temperature and sweat index sensor specifications.  

Specifications Value Units 

Number of patches 1 (non invasive)  

Data bus communication I2C or SPI  

Temperature error ±0.5 ºC 

Measurement rate 5 minutes 

System autonomy 8 hours 

 

As it can be observed, it was recommended not to use more that one patch for 

collecting both temperature and sweat index, so a sensor combining both 

capabilities must be found. The accuracy of the sensor should be better that ±0.5 

ºC error. Along with this, the autonomy of the platform should be extended to 8 

hours (in combination with acceleration data acquisition) with a measurement rate 

of one temperature and sweat index sample per five minutes. The communication 

protocol of the sensor must be any of the buses offered by the Shimmer device: 

I2C or SPI. 

Based on these specifications, a suitable sensor has been chosen: the Sensirion 

SHT21 digital sensor [8]. This sensor is suitable choice for temperature and sweat 

index measurements, as it integrates both a temperature and a humidity sensor. 

Humidity sensing capabilities of the SHT21 will be used for measuring the 

physiological sweat index in terms of relative skin humidity. As it is a novel way 

of measuring the sweat index, there are no specifications. In addition to that, the 

size of the sensor, its accuracy and its low power consumption in both active and 

sleep mode makes it an adequate solution for wearable, battery-powered devices. 

Table 2 summarizes the sensor characteristics that are of interest for the current 

application. 

Table 2.  Temperature and sweat index sensor characteristics.  

Description Value Units 

Sensor size 3X3 mm
2
 

Active power consumption 1 mW 

Sleep power consumption 1.2 uW 

Humidity range 0-100 %RH 

Humidity accuracy ±5 %RH 
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Humidity resolution 0.04 %RH 

Temperature range 0-60 ºC 

Temperature accuracy 0.3 ºC 

Temperature resolution 0.04 ºC 

 

In this solution, the sensor will be placed in contact to the skin in a stable position 

at the patient’s armpit. Although not being the best choice for temperature 

measurement, the armpit is a common place for acquiring temperature data in a 

non-invasive way and a proper place for sweat index measurements [9]. On the 

other hand, the sensor is controlled by means of an I2C communication protocol. 

A 4-wire bus will connect the sensor to the Shimmer device. A new firmware for 

this device must be developed in order to take temperature and humidity samples 

every 5 minutes. As mentioned before, later on, samples will be combined with 

the internal accelerometer data in a single file and will be sent to the mobile 

platform when required. 

2.3   Activity Monitoring Sensor Platform  

The activity monitoring module utilizes data received from the sensor platform to 

identify the patient’s current posture/activity and calculate the average energy 

expenditure expressed in the standard metabolic equivalent (MET).  The method 

utilizes two accelerometers, one attached to the patient’s chest and the other to the 

thigh, as well as skin temperature and heart rate information. The accelerometers 

were configured to transmit acceleration data with 50 Hz, which is in our 

experience adequate, and agrees with the recommendation of Bao et al. [10] who 

stated that frequency should be between 20 and 75 Hz. 

2.3.1 Activity recognition 

To recognize the patients’ activity, the stream of acceleration data from the 

sensors is first segmented into 2-second time windows. We showed in prior work 

that 2-second windows are a reasonable trade-off between the overall recognition 

accuracy (increases with window length) and the ability to recognize very short 

activities (decreases with window length) [11]. 100 acceleration measurements 

along three perpendicular axes x, y and z are thus received from each 

accelerometer per time window. The activity is recognized for second half of the 

window (1 s), while the first half provides a short context. After recognition, the 

window advances by 1 s. 
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The raw acceleration values in a time window are first transformed into features 

for each sensor, together forming a feature vector. Such vector s were fed into a 

machine learning algorithm to train an activity-recognition classifier. The 

classifier can recognize the following activities: standing, walking, running, 

sitting, lying, on all fours, kneeling, cycling and transitions between these 

activities. 

New acceleration data are also transformed into feature vectors, and then fed into 

the activity-recognition classifier, which outputs the recognized activity. Features 

used by the classifier are divided into two groups: (i) statistical features (average, 

minimum, maximum, variance, difference between minimum and maximum, 

correlation, orientation) and (ii) frequency-domain features (frequency, energy) 

[12].  

The following machine learning algorithms were compared for training the 

activity-recognition classifier, all of them implemented in the Weka machine 

learning suite [13]: 

─ Naïve Bayes, which is a simple probabilistic classifier based on Bayes’ 

theorem with a naïve assumption of feature independence 

─ C4.5, which trains a decision tree 

─ Random Forest, which trains an ensemble of decision trees 

─ Support Vector Machine (SVM), which computes a hyperplane dividing 

the instances belonging to different classes 

2.3.2 Energy expenditure 

To estimate the patient’s energy expenditure, a similar procedure is used as for the 

activity recognition. The stream of acceleration data from the sensors is 

segmented into 10-second non-overlapping time windows and transformed into 

feature vectors. Every feature vector is afterwards fed into a regression model, 

which returns the estimation of the energy expenditure in MET. 

The feature vector for the energy expenditure regression model consists of three 

types of features: (i) features derived from the acceleration, including the 

recognized activity (Section 2.3.1), (ii) average heart rate (iii) skin temperature. 

The features derived from the acceleration were partially adopted from [14] and 

partially developed by us. Our original features are (i) the recognized activity,  (ii) 
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acceleration sensor peak count and summation of the peak values and (iii) the 

features adopted from [14], but with gravity subtracted.  

The recognized activity is either the most prevalent activity in the window or 

“transition” if less than two thirds of the window contains a single continuous 

activity. This helps capture the movement dynamics.  

The feature analysis has shown that the peak counter and summation of peak 

values gives an important contribution to accurate energy estimation for 

ambulatory activities. For example, the difference in speed of walking or running 

is shown in higher or lower peak values and in the number of peaks over a 10-

second window. Peaks occur when the series of acceleration values stops 

increasing and start decreasing, or vice versa.  

The ranking of features by ReliefF [15] assigned high ranks to the features with 

subtracted gravity. This is probably because most of the time the gravity 

represents the largest component of the acceleration, masking the acceleration due 

to the movement of the patient.  

The following regression algorithms were compared for training the regression 

model for energy expenditure estimation, all of them implemented in the Weka 

machine learning suite [12]: 

─ Linear Regression (LR), which fits a linear function to the data 

─ Support Vector Regression (SVR) with linear kernel, which also fits a 

linear function to the data, but uses a more sophisticated method to do so 

─ Multi-Layer Perceptron (MLP), which constructs and trains an artificial 

neural network 

─ Fast Decision Tree Learner (REPTree), which trains a regression tree (a 

decision tree with numeric values in the leaves) 

─ M5P, which trains a model tree (a decision tree with linear functions in the 

leaves) 

─ M5 Rules, which induces a set of rules with linear functions in the 

consequent 

While analyzing the performance of the algorithms, we observed that a complete 

regression model (estimating the energy expenditure for all activities) poorly 

estimated the energy expenditure for running and cycling. To overcome this 

problem, we introduced per-activity regression models dedicated to the two 
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problematic activities. When the activity recognition recognized one of these two 

activities, a per-activity model was invoked. 

2.4   Data gathering Mobile Platform 

One or more biosensors can be wirelessly connected to a smartphone.  With such 

a use, the first question that pops to mind is: Why a smartphone? The smartphone 

is the only device that the patient carries with him/her almost all of the time, 

which permits mobility limited only by the patient’s medical condition. Even in 

such cases where the patient is not directly familiar with the smartphone as a 

device, the smartphone offers far easier adaptability (in comparison to certain 

medical devices that would be used), and is generally recognized faster while 

offering an easier learning curve. Another fact that should also be taken in 

consideration is that almost all of the caregivers are expected to be younger then 

the patients and will hence be used to smartphones already. Another point to note 

would be that the smartphone is a familiar device to all the patients, its 

universality, usability and worldwide acceptance are a guarantee that the patient 

will indeed have the device with him. The smartphone in itself is not (yet) 

considered a part of medical equipment.  Mobile technology is evolving at such a 

high rate that is a very difficult to keep up with the development of solutions 

which correspond with the high standard, demanded by healthcare. Due to the 

high development rate, different manufacturers and ways of usage (different OS), 

the smartphone is suffering from a myriad of weaknesses, which can to some 

degree be alleviated with the choosing and verification of certain and well tested 

models. The solution developer should also be aware of patient limitations, for 

instance the lack of technical or medical know-how and problems related to the 

ailment or any other “disabilities” (“nearsightedness”, hearing disabilities, and 

color blindness, general or temporal lack of wellbeing, possible combinations of 

different ailments and/or diseases). 

With the usage of smartphones, the focus is to find a satisfactory and simple 

solution with a very small learning curve for patients and their families. The state-

of-the art functionality is not inhibited but merely hidden from the patient.  

The solution can be used in healthcare, sport, wellness and other fields; the 

difference between these users is in connected gear, for example sensors, 

functionality, user interface and functionality. 
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Smartphone is a universal device capable to work on several tasks simultaneously. 

2.4.1 Data gathering Mobile platform - components 

The components can roughly be divided into three general groups: sensors, 

smartphone and the central server. 

Communication between set components 

Bluetooth is currently the only realistic means of communication between the 

sensor and the smartphone.  It is also highly energy inefficient compared with new 

protocols. As such we should plan communication between individual 

communication segments in such a manner, as to maximally increase the 

reliability of data transfer, while optimizing energy use and usability with lowest 

possible costs and error margin. The solution developers must be aware at all 

times, that the users are mostly patients and the elderly, which cannot and do not 

really wish to have to be occupied by technology.   

Every device in this link must be able to perform under this Store and forward 

principle. The data is send forward online, if it makes sense, if not the data is 

saved and sent later. 

The processing power of the mobile platform currently represents a compromise 

between the wishes of users and manufacturers and ability of autonomy. Battery 

capacity limits the processing power of the phone, during the design stages. 

Communicate with sensor nodes 

In general it is best for the patient (more practical) to only use one device (sensor), 

but to accurately recognize the patient’s activity, sensors should be positioned on 

two spots on the patient’s body as shown by Kozina et al. [16]. In this case the 

smartphone can be connected to both sensors or in parallel communication 

alternating. The smartphone can communicate with 4 or even more 

simultaneously functioning wireless, wired or internal sensor units (sensors 

control, incoming data storage and transfer) and can use its own internal sensors 

for acquiring further data (e. g. GPS for locating the patient in need of 

intervention). 

Analysis sensor data, artifact & noise removal 

With “analysis sensor data” mostly mean checking the integrity of collected 

sensor data.  
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Feature extraction 

Feature extraction (ECG), S-T analysis (ECG), Compression (ECG), activity 

recognitions (Accelerometers), energy expenditure (Accelerometers) algorithms 

can be applied because they are fairly undemanding of smartphone processor 

power. Sensors send readings with relatively low sampling (1Hz or slower) and 

can be configured to send  with higher sampling – 25Hz or even 1000Hz. ECG in 

the mobile version is meant for capturing  in the 250 – 1000Hz range, ultimately 

draining smartphone processing capacity heavily (receiving, analysis, processing, 

saving and synchronizing), this in turn reduces the autonomy of the smartphone.  

Data is also received from two 3D accelerometers. That is why it would be 

appropriate to include a feature extraction algorithm, to process raw data and 

reduce the amount of data. This algorithm can be run on the sensor, smartphone or 

central server.  The optimal solution would be the smartphone, which is a 

universal tool where the algorithm can be simply incorporated into the software 

itself. In case this solution works well, this algorithm should be incorporated 

directly into the sensor, which would need more processing power, but would in 

turn reduce the energy and storage space required. 

Encrypt and save data locally 

Because of the store-and-forward system, all the data is saved into the local base, 

and encrypted due to the personal nature of the data. 

Work standalone or synchronize data with the central server via secure 

connections (Wi-Fi, 3G) 

The mobile platform is a fully standalone solution which synchronizes data with 

the central server in user defined parameters. The timestamp, triggers and content 

of the synch are defined in the “rule engine”, which allow for dynamic change, 

depending on the patient's needs. The “rule engine” can be very simple, for 

instance.: “Don't send data if roaming and not in critical condition”, or “In case of 

an observation study, compress data once daily and send in one package via Wi-

Fi”. 
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Show live data and the data history in numerical forms or in diagrams with 

adjustable thresholds, statistic parameters (minimum, maximum, average 

values and similar) 

UI adapts to the patient and usage case. The patient needs only little information, 

like whether the sensors are connected and sending data correctly, battery status 

and warnings. An example is shown in Fig. 3. The modular nature of the mobile 

platform allows for the solution to be used by a doctor to track the conditions of 

one or a group of patients. If such a need arises, the UI can be adapted to hold 

more information or other complex operations.  

The smartphone may show data directly from sensors or pre-processed data based 

on algorithms (virtual sensors). 

 

Fig. 3. Data gathering mobile platform 

 

Host a simplified version of a personalized / light patient risk assessment 

model and detect critical situations, send alerts, provide info to the patient 

The personalized patient risk assessment model is positioned in the domain of the 

central medical application and the doctors. There is always the possibility that 

the patient is not presently in range of a mobile signal. The mobile platform must, 

in such a case, be able to generate certain information, warnings and alerts which  

are instantly displayed for the patient.  

When there is no available connection, the risk assessment must still function. 

That is why the solution always incorporates the light version of the patient risk 

assessment model installed on the smartphone. This ensures that the patients will 

always be informed and alerted, whether the mobile signal is available or not. 
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3   Results 

This section shows the results of the CHF patient monitoring sensor platform. 

3.1   ECG Monitoring Sensor Platform Results 

Dedicated algorithms were implemented to filter, process and extract relevant 

features from the raw ECG. 35Hz low-pass and 0.05Hz high-pass filters were 

applied to remove baseline, movement and other physiological artifacts. The ECG 

raw signals were processed in order to detect the QRS complex, to extract the HR 

and to make meaningful HRV analysis through the automatic algorithm developed 

by Pan-Tompkins [17]. Tests were performed to measure the accuracy of the ECG 

chest belt in comparison with the clinical holter ELA which technical features are 

reported in Table 3. In the study 4 healthy volunteers were enrolled (age 30 ± 3). 

In particular ECG was acquired from 2 freely moving nurses at work and 2 

subjects at bedside for 3 hours wearing both devices. A larger clinical trial is in 

progress at the Pervasive Healthcare Laboratory (PHC-Lab) of the Institute of 

Clinical Physiology of CNR (IFC-CNR) in Pisa in order to assess the use of the 

system on cardiac inpatients. 

Table 3.  Features of the chest strap and the holter ELA. 

Technical features ECG Chest strap Holter ELA 

Acquisition sampling rate:  500 Hz 1000 Hz 

Frequency Range:  0.05 Hz – 159 Hz 0.05 Hz – 100 Hz 

Resolution  A/D:  10 bit 15 bit 

Dimensions:  50 x 25 x 23 mm 97 x 54 x 23 mm 

Power supply:  3V Li-ion battery 

280mAh 

one 1.5V alkaline battery 

Weight:  30 Grams 85 Grams 

Accessories: Integrated accelerometer - 

SD Card:  2GB 128MB 

Data Transmission:  Bluetooth or 802.15.4 SD Card 

Electrodes:  Two Seven 

Leads:  One Three 

 

As reported in the Table 3, a few differences can be noticed: the sampling rate, i.e. 

the ECG chest strap sampled at 500 Hz, while ELA at 1000 Hz, the data 

transmission, the number of leads and the dimensions. In the first part of the study 

data were collected from simultaneous ECG recordings obtained by our system 

and the holter ELA. Firstly, a visual inspection of the obtained waveforms was 
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performed by cardiologists of IFC-CNR confirmed that the signal quality of the 

ECG chest strap is comparable to the signal quality gained by holter ELA as 

shown in Fig. 4. 

 

Fig. 4. ECG Chest strap vs Holter ELA  

 

Moreover, the ECG chest belt provided reliable signals for the 95% and 99% of 

the acquisition time while the subjects were at work or at the bedside respectively. 

In the second part of the study we focused on the capability of the system to 

extract the features of the cardiac rhythm.  Fig. 5 shows a comparison of the heart 

rate (HR) derived from the ECG chest belt and from the holter ELA. It can be 

noticed that the HR of the ECG chest belt closely follows the HR of holter ELA. 

 

Fig. 5. Comparison between HR of ECG chest belt and holter ELA. 

 

Finally, the relative percentage error between the HR of the ECG chest belt and 

the gold standard system was extracted according to the formula: 
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    (1) 

 

The error on HR measurements was lower than the 10% (maximum value 

established by the CEI ISO60601-2-47 about HR calculation) as shown in Fig. 6. 

 

 

Fig. 6. Error distribution of HR. 

 

In the last part of the study, the sensitivity and specificity were assessed 

comparing the QRS peaks detected by the algorithm of ECG chest strap and by 

the ELA Holter. If one R peak is correctly detected within a window of 100 ms 

around the true temporal location annotated by the holter, it was considered as a 

true positive (TP). Any additional peak recognized in the same interval was 

considered as false positive (FP). If the algorithm fails to detect a QRS complex, a 

false negative (FN) was declared. In Table 4, the evaluation of 13 ECG signals is 

reported. 315 FP beats (mean Spec = 98.78 %) and 15 FN beats (mean Sen = 

99.94 %) were obtained. It is worth mentioning that the FN values are very low 

(range 0÷10); this is mainly related to the capability of the proposed algorithm to 

correctly detect any QRS complex and to the negligible number of artifacts. 

Table 4. Sensitivity and specificity extracted from  QRS peaks detected  from signals of ECG chest 

strap and compared with holter ELA used as gold standard  

Tape N° Total Beats FN (beats) FP (beats) Sen (%) Spec(%) 

1 2273 0 0 100 100 

2 1865 0 4 100 99,78 

3 2187 0 1 100 99,95 

4 2084 0 1 100 99,95 
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5 2229 1 17 99,95 99,24 

6 2572 0 38 100 98,54 

7 2137 0 1 100 99,95 

8 1763 7 162 99,60 91,58 

9 2532 1 2 99,96 99,92 

10 2124 1 1 99,95 99,95 

11 2539 1 1 99,96 99,96 

12 1795 2 67 100 96,40 

13 1879 2 20 99,89 98,94 

 

3.2   Activity Monitoring Sensor Platform Results  

The data used in the experiments was collected for five people (4 male, 1 female) 

performing three groups of activities: (i) elementary activities such as walking, 

standing, sitting, lying and on all fours, and transitions between them; (ii) daily 

activities such as office work, cleaning, sweeping and scrubbing the floor; and 

(iii) physical exercise such as cycling, running, jumping jacks and sit-ups.  Each 

activity was assigned reference MET value taken from the 2011 Compendium of 

Physical Activities [18]. All results presented in this section were obtained with 

the leave-one-person out approach (5 folds). 

In Table 5 the activity recognition classification accuracy is shown for the 

selected machine-learning algorithms.  

Table 5. Activity recognition classification accuracy (%).The accuracy of the best-performing 

algorithm is underlined. 

Naïve Bayes C4.5 Random Forest SVM 

69.5 70.1 80.3 75.8 

 

The results show that Random Forest is the best algorithm for activity recognition. 

Detailed inspection of the recognition with Random Forest shows that sitting was 

often confused for standing, and cycling for walking. Both problems are not 

surprising given the nature of the activities and accelerometer placement, but they 

are fortunately not overly problematic from the perspective of energy expenditure 

estimation. 

In Table 6 the results of the regression model for the selected machine-learning 

algorithms are shown. They are presented in terms of the relative absolute error, 

which expresses how much of the error of the default classifier a given classifier 

makes. If a given classifier has the relative absolute error 100 %, it means that its 

absolute error (the difference between the value in returns and the true value) is 
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the same as if it always returned the average MET value. If it has the relative 

absolute error 50 %, it means its absolute error is half of the absolute error of the 

default classifier. If it has the relative absolute error 0 %, it means it always 

returns the true value. 

Table 6. Energy expenditure estimation relative absolute error (%).The accuracy of the best-

performing (REPTree) and the chosen (SVR) algorithm is underlined. 

LR SVR MLP REPTree M5P M5Rules 

43.9 21.0 26.4 16.4 23.1 24.7 

 

The results show that REPTree is the best machine learning algorithm, followed 

by SVR and M5P/M5Rules (these two are very similar). REPTree has a problem, 

though: the regression tree it trains contains a number of fixed MET values in the 

leaves, and the tree can only estimate the energy expenditure to be one of those 

values. This means that it offers poor interpolation and extrapolation. SVR and 

M5P/M5Rules do not have this problem. However, an advantage of SVR is that 

the model it trains is simpler (a linear function) and thus less likely to overfit to 

the training data.  

The results in Table 6 are for the complete classifier, which estimated the energy 

expenditure for all the activities with mean absolute error 1.05 MET. Because the 

complete classifier poorly estimated the energy expenditure for running and 

cycling, we introduced two additional classifiers for these activities in the final 

method. They were also trained by SVR. Fig. 7 shows the results of the final 

method. The final composite method improved the estimation and returned the 

mean absolute error of 0.85 MET. 
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Fig. 7. Estimated vs. true energy expenditure with the final method combining the complete and 

per-activity regression models. 

3.3   Temperature and sweating Monitoring Sensor Platform Results  

A prototype of the temperature and sweat index sensor platform is shown in Fig. 

8. The sensor is placed on a board that allows the proper placement of the sensor 

to the chest strap and the connection to the Shimmer device.  

 

 

 Fig. 8. Prototype of the temperature and sweat index sensor platform and zoomed view of the 

sensor board. 
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As mentioned before, both skin temperature and sweating index parameters are 

going to be monitored every 5 minutes for a long period of time. However, the 

platform was tested at a higher rate, every 20 seconds, in order to check not only 

the sensor performance but also the autonomy of the sensor together with 

Bluetooth Shimmer module communications. Fig. 9 shows the results of an 8 hour 

test in two different scenarios.  Up to hour 4, the volunteer performed normal 

activity: sit down, walking, etc., from hour 4 and during 30 minutes the volunteer 

performed sudden moderate activity: continuously climbing stairs, which resulted 

in sweating. It can be observed in Fig. 9 that the results show a rapid change in 

temperature together with a noticeable increment on humidity. After these 30 

minutes, the volunteer reduced again activity so during some time the humidity of 

the consequences of the previous activity are still noticeable but, after another 30 

minutes, the humidity starts to drop again to a low humidity. 

It should be also noted that although only 8 hours of data acquisition are showed, 

the autonomy of the platform exceeds 16 hours at 20 second sample rate for both 

parameters. This autonomy would be further extended if we stick to the rate of 

one sample every five minutes. Therefore, the temperature and humidity data 

acquisition will not limit the platform autonomy and it is expected that the 

combination with the internal accelerometer data acquisition will provide the 

specified 8 hours of autonomy. 
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Fig. 9. Skin temperature and humidity test for ten hours of continuous monitoring 

and two scenarios: normal activity and moderate activity. 
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4   Conclusions 

A non invasive, wearable sensor platform implementation for CHF patient 

monitoring has been presented. The platform monitors accurately the ECG signal, 

data from two accelerometers for activity recognition and energy expenditure 

evaluation, skin temperature and sweating index. The platform communicates 

sensor parameters to a mobile platform by means of Bluetooth communications 

using the store-and-forward principle that preserves the platform autonomy. 

Results show that the combination of state-of-the-art technologies can address the 

challenges of the new healthcare models. 

Future steps comprise the integration of collected data with those available in the 

Hospital Information System in order to build a physiological model of the 

patient. Along with this and observational study with an specific protocol will be 

conducted in order to collect monitored data from high risk, event rich group of 

patients and correlate the data with CHF events. The observational study includes 

standard clinical evaluations, quality of life assessments and statistical analysis of 

data [3].  
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