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 Abstract  

Continuous monitoring of vital signs is helpful for the healthcare 

professionals in early diagnosis of diseases and takes preventive action. 

Blood pressure, heart rate are some of the vital signs that can be monitored 

using a wearable device. In order to help the healthcare professional in 

identifying the situation, context should be recorded. The objective of this 

research is to design a Body Sensor Network (BSN) to measure Heart Rate 

(HR) with context awareness sensing. In HR estimation, Motion Artifacts 

(MA), Least Mean Squares (LMS) algorithm is used. To collect the data, a 

device is manufactured which can transmit data wirelessly to a database. The 

selected signal processing methods are applied to these collected data to 

estimate HR along with the context of the user. Sustainable and Safe Signal 

Processing Techniques in Wireless Body Sensor Network for Heart Rate 

Estimation with Context Awareness is developed and performed well. 

Keywords: Wireless Body Sensor Network, Deep learning, Signal 

Processing, Context aware sensing, Sustainable. 
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1 Introduction 
 

Wearable devices are used to monitor vital signs in medicine, and sports 

fields. It is important to provide continuous physiological data such as blood 

glucose levels, blood pressure, pulse rate, Electrocardiography (ECG or 

EKG) and respiration rate for healthcare professionals to assist them in 

medical situations. This will also lead to reduce healthcare costs since it will 

facilitate disease prevention and enhance the quality of life. But without the 

context of the patient, healthcare professionals cannot make correct decisions 

based on Heart Rate (HR). To give a solution to this problem, a wireless 

Body Sensor Network (BSN) is designed to estimate HR and the difference 

with other systems is that this includes context awareness sensing[12]. 

Motion Artefacts (MA) are removed by applying signal processing methods 

and HR is estimated. In order to detect the context,deep learning methods are 

used. 

 

2 Background 

2.1 Heart Rate Acquisition 

 
To monitor health of a patient vital signs are monitored, HR is one of 

them. The most commonly used method is to take the heart rate using the 

pulse. The disadvantage of this method is that continuous monitoring is not 

possible with this method. Photoplethysmography (PPG) and ECG are the 

other ways which can be used to measure the HR. However, ECG is not 

feasible to use outside hospital environments. Considering this PPG is used 

for wearable devices. 

Meaning of PPG is that, light is used to measure the blood volume of an 

organ. If blood flowing through veins changes, HR will change. This change 

in flow of blood can be detected because the light absorbance rate changes 

with the flow volume. A photo diode can be used to measure the light 

absorbance rate. This can be done in two ways. First one is the transmitted 

mode. Earlobes and fingertips can be used. Reflected mode  is the second 

method and more oftenly used for wearable devices.  Wearable devices can 

be used on the wrists. 

But the problem with this is that since the wrist is moving and also there 

is a relative motion of the device, Motion Artifacts (MA) are incorporated in 

to the PPG signal. When deriving a model for the PPG signal this has to be 

taken into account. 

MA can be present in the signal due to many reasons. One of the reasons 

is the movement of the user when doing physical activities. Another reason 

can be due to the fact, the device is not snuggly fitted in the wrist and due to 

the movement of the device. This means that signal should be processed 

using signal processing techniques before finding the HR from the PPG 

signal.Singular value decomposition [1], adaptive filtering [2], Sparse  
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spectrum-based methods [3], independent component analysis, are some of 

the methods used in the literature to eliminate MAs. 

 

2.2 Context Aware Sensing 

 
To detect the context of the user,Activities Daily Living (ADL) is 

identified. Healthcare professionals can be assisted by identifying a person’s 

routine through ADL. In this research, Long Short-Term Memory (LSTM) is 

used[4]. LSTM performs better than Hidden Markov Models(HMM), 

Convolutional Neural Networks(CNN) and Deep Believe Networks(DBN).  

In order to identify the activity levels of a person as well as to identify 

falls ADL classification can be used. Some diseases can be identified earlier 

with the help of ADL. Acceleration data are the most commonly used 

parameter to classify ADL [5]. 

 

3 Method 

 
For this study, a device was manufactured and ESP32 was selected as the 

microcontroller, since it can connect to WiFi directly. ESP32 has an antenna 

and a power amplifier. It consumes very low power. Operating temperature 

of ESP32 is –40°C to +125°C [9].Max30102 was used as the HR sensor. It 

has a HR monitor and pulse oximeter. 1.8V supply is needed to operate this 

device. Communication method is I2C[10]. 

Inertial Measurement Unit (IMU) used is MPU6050. It includes a full 

range programmable accelerometer ad a 6 axis gyroscope. It also includes a 

16 bit ADC. [11].The circuit was designed using PCB design software and 

manufactured. Arduino platform was used to program the device. 

Three of these devices were used for this study. During data collection, 

healthy subjects aged 20-30 wearing these sensors on the right wrist, waist 

and right ankle, performed a set of predefined activities such as walking, 

climbing stairs, running, jumping, jogging for 15 seconds in a lab 

environment. These data was collected on the computer for post analyzing 

and data was processed using signal processing methods. The overall system 

diagram is shown in Figure 1. Ground truth data was obtained using an 

Apple watch. Subjects wore the Apple watch on the left wrist. 
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 Figure 1. Overall system 

 

3.1 MA Removal 

Minimizing Mean Square Error (MSE) is the function of LMS algorithm. 

Figure 2 shows this algorithm. dk is the PPG signal with MA. Sk is the PPG 

signal without the MA.nkis the noise component.The modelled noise signal 

(n  k) is created using Finite Impulse Response (FIR)[6]. Acceleration signal 

is used as the reference signal to create the FIR signal. LMS algorithm is 

used to calculate FIR coefficients.By subtracting noise signal by dk, cardiac 

component can be found. 

 

 

 

 

 

 

 

 

 

 

 
                     Figure 2.Adaptive filter structure 
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In this research, LMS adaptive algorithm is used to remove MA in the 

first step. The steps used in the study are shown in Figure 3.  

Ground truth values for the HR are calculated using the ECG data. 

Therefore, as a first step, the data is divided in to windows of 8 second(s) 

duration. Reference signal in adaptive MA cancellation techniques is 

calculated using the PPG signal. Another method is to use the acceleration 

signal. To generate the synthetic noise signal, firstly, amplitudes of 

respiratory and cardiac components of the PPG signal is made to zero in the 

frequency domain and secondly the signal is converted back in to the time 

domain [7]. However, in this study accelerationdata is used as the reference 

signal. 

FIR model is used for the accelerometer signal (ak). FIRcoefficients are 

found by an adaptive filter [3]. The estimated noise signal (n  k) is the output 

from this model. By subtracting this signal from dkestimated cardiac 

component (ek) can be found. The coefficients of filter are adjusted to get n  k 
closer to nk. 

 

3.2 Peak Detection 

 

To detect the peak, signal without MA is used in the frequency domain. 

To apply Fourier Transform (FFT) signal is divided in to 8s slots. For each 

time slot highest peak is detected. But if there is an acceleration signal at this 

frequency, the calculated highest peak is neglected and another peak closer to 

that is used. This will eliminate MA in the signal.  

 

 

 

 

 

 

 

 

 

 

 

                               Figure 3.Adaptive filter structure 
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3.3 ADL Classification using LSTM Method 

5 different activities are classified using 10 subjects and Long Short 

Term Memory (LSTM) network. In the first step noise is removed from the 

acceleration signal using a median filter. Acceleration signals have a 

component caused by gravity (GA) and component caused by the body (BA). 

To separate these two a low pass filter can be used.  

Body Acceleration=Raw Acceleration – Gravitational Acceleration  (1)  
      Then signal magnitude area (SMA)is calculated as 
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where T is the length of the acceleration signal. 

Input to the LSTM are these SMAs and zero crossing rates. LSTM has 

following parameters. 

Output size = 400,  

Classes= 5, 

Epochs = 300, 

Mini batch size = 10,  

Training algorithm = stochastic gradient descent with momentum.  

4 Results 

 
4.1 Dataset 
 

This research is based on 10 healthy subjects aged 20-30 and the 

experimental procedure is based on daily activities as well as athletics events 

such as running. Each subject performs a set of predefined set of activities 

such as walking, running, jogging, jumping and climbing and PPG and 

acceleration data is captured from the sensors located at wrist, waist and 

ankle. 50% of data is used as training data and 50% of data is used as testing 

data. 

4.2 Modeling the PPG Signal 

 
An autoregressive integrated moving average (ARIMA) process is used 

to generate a model for the PPG signal with MA. ARIMA is used since it is a 

common model to fit time series data and to predict the future values [8]. 

This model is useful to find missing parts of a signal. The ARIMA process 

used in this study has the order of (p,d,q). This cannot be used to estimate 

HR since this includes MA. 

Let φ(tk) the PPG signal sequence sampled at tk. T is the sampling 

frequency, then the model can be expressed as 
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where MA parameters are θ1, θ2,…θp and AR parameters are denoted by 

ϕ1, ϕ2… ϕp. Order of the AR process is p, order of the MA process is 

denoted by q, differencing order is denoted by d and shift order is L.  w(tk) 

has the variance   
 = E[w(tk)

2
] [8]. In this research d = 1.  

ARIMA parameters are constructed by using Box-Jenkins method 

Akaikes Information Theoretic Criterion (AIC) is the process used to 

calculate the order. 
(  ̂  ̂)            (   )                          (4) 

 

  ̂ 
 (   )denotes the mean-squared error estimate. N is the number of 

samples [8]. The model is validated by Autocorrelation function (ACF) of 

ARIMA process and the ACF calculated from measured PPG signal and 

power spectral density (PSD) of both signals. Figures 4 and 5 show the ACF 

and PSD respectively for comparison purposes and they show a close 

relationship between the original signal and the signal synthesized by 

ARIMA and hence the model is validated.The estimated parameters of the 

ARIMA model is given in Table 1. 

 

 

 

 

 

 

 

 

 

 

 Figure 4.Estimated ACF of ARIMA process 
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 Figure 5.Estimated PSD of ARIMA process 

                       Table -1 Estimated parameters of ARIMA model 

 

Parameter Value 

   9 

 ̂ 9 

 ̂ 1 

 ̂ 1,-2.17,1.19,0.30,-0.30,-0.98,2.14,-1.16, -0.29,0.29 

 ̂ 1, -1.54, 0.84, 0.07, -0.15, -0.93, 1.41, -0.76, -0.07, 0.12 

 ̂ 
  2.01 

 

4.2 Heart Rate Estimation 

HR estimation algorithm described in section 3.2 is used to estimate the 

heart rate of the collected data and a mean absolute error of 3.94 BPM was 

obtained. BPM falls between the ranges of -2 BPM to 4 BPM. 

 

4.3 ADL Classification 

 

Algorithm explained in section 3.3 was used to classify the ADL and the 

final ADLclassification algorithm included data from all three sensors and if 

any one of thesensors was indicated as an activity, the context of the person 

was classified as doingan activity. This result along with the HR and BP was 

displayed to the user. Training accuracy and training loss of the LSTM 

process is shown in Fig 6. Anaccuracy of 96% was achieved. In the Table 2 

results are shown with 0 for inaccurateclassification and 1 for correct 

classification. Sensitivity of this classification is 96%. 
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              Figure 6.Training accuracy and loss of LSTM process  

Table -2 Accuracy of Classification 

 

Dataset Standing Walking Jumping Jogging Running 

1 0 1 1 1 1 

2 0 1 1 1 1 

3 1 1 1 1 1 

4 1 1 1 1 1 

5 1 1 1 1 1 

6 1 1 1 1 1 

7 1 1 1 1 1 

8 1 1 1 1 1 

9 1 1 1 1 1 

10 1 1 1 1 1 

 

5 Conclusion 

Continuous monitoring of patients gives valuable insight into their 

health. The most important vital signs to monitor are the heart rate and the 

blood pressure. But if vital signs are measured without any context this can 

lead to incorrect predictions. Therefore, when measuring heart rate the 

activity of the user should be recorded. In this study, HR is predicted using 

the PPG signal and MA is removed. For this study, a device is manufactured 

to collect PPG and accelerometer data and transmit them wirelessly to a 

database. To remove MA from PPG signal LMS algorithm is used and HR 

estimation algorithm is used to estimate the HR. By classifying the 5 

activities, using LSTM deep learning technique, context of the user is found.  
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These data are available to the healthcare professional. The future work 

will include extending this study to include more activities.  
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