
Vol.:(0123456789)1 3

Journal of Ambient Intelligence and Humanized Computing (2022) 13:3973–3987 
https://doi.org/10.1007/s12652-021-03237-2

ORIGINAL RESEARCH

An approach to detect human body movement using different channel 
models and machine learning techniques

Monica Kaushik1 · Sindhu Hak Gupta1   · Vipin Balyan2

Received: 7 May 2020 / Accepted: 25 March 2021 / Published online: 16 April 2021 
© The Author(s), under exclusive licence to Springer-Verlag GmbH Germany, part of Springer Nature 2021

Abstract
Worldwide, 16.7 million people die each year due to cardiovascular disease. These statistics raise demand of devices like 
sensor-based pacemakers (PM) which are not just doing heart rate augmentation but also capable to transmit information via 
wireless link to on body sensor and support remote monitoring of such patients. As per the world health organization WHO 
reports there are more than 3 million functioning PMs and about 600,000 pacemakers are implanted each year in world. On 
an average, 70–80% of PMs are implanted in aged patients around 65 years or older. In addition to continuous monitoring of 
cardiovascular parameters, detection of physical movement of such patients may be helpful to assess their well-being. This 
paper has been formulated with an aim to highlight an approach which may be used to detect the physical movement of the 
patient using information signal received from implanted PM. The transmitted signal will experience a pathloss offered by 
wireless human body channel, which will affect the link quality parameters namely Signal to Noise Ratio (SNR) and Bit 
Error Rate (BER) and received signal strength indicator (RSSI). In the current work mathematical model has been formu-
lated considering in body and on body channel propagation conditions and received power, received energy, pathloss, SNR, 
BER, bit rate, energy per bit and RSSI have been evaluated using IEEE802.15.6 channel models CM2 and CM3. Data set 
has been created and human body movement has been detected using Machine Learning (ML) techniques. Prediction accu-
racy of Multilayer Perceptron (MLP), k-Nearest Neighbours (kNN) and Random Forest have been compared. The analysis 
performed depicts that human body movement can be detected using different channel models and ML techniques such as 
MLP, kNN and Random Forest with an accuracy of 65.3%, 72.8% and 93.4% respectively. The critical comparison of the 
result indicates that the performance of Random Forest is better than MLP and kNN. This approach will be helpful in remote 
detection of human body movement of patients.

Keywords  Bit error rate (BER) · Random Forest · Signal to noise ratio (SNR) · Received signal strength indicator (RSSI) · 
Wireless Body Area Network (WBAN)

1  Introduction

The number of cardiovascular disease (CVD) patients are 
increasing rapidly across globe. CVD is one of the leading 
factor for cause of death and approximately shares 30% of 
overall death (Mishra et al. 2019). To avoid sudden death 

or life-threatening situation, early detection of abnormality 
in cardiac functions is required. (Wu et al. 2020; Che et al. 
2020). Continuous monitoring of cardiac activity may help 
in the prevention of severe heart conditions as timely detec-
tion and further medical advice can be offered by experts 
in advance (Mandala et al. 2017; Snegalatha et al. 2019). 
The concept of continuous monitoring may be beneficial for 
those patients who require or went through by-pass surgery 
as they are on high risk of neurological problems like stroke 
(Martin et al. 2006). In both cases body movement tracking 
in addition to heart monitoring may help in the early diag-
nosis of any cardiac or neurological disorder (Chen et al. 
2010; Arora et al. 2020). Traditionally, a person must be 
appointed for regular measure of physiological parameters 
(blood pressure, heart rate etc.) and to monitor the patient’s 
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activity which is expensive and not practicable for most of 
the patients. These requirements and issues accelerate the 
growth of wireless health monitoring systems (Andreu et al. 
2015). The advancement of wireless wearable systems also 
called on body systems improve the patient’s care and qual-
ity of life (Merli et al. 2011). For heart patients, sensor-based 
implantable pacemakers also called in body devices helps 
not only in monitoring of cardiovascular parameters but also 
able to communicate information to the receiver which may 
be an on-body sensor (Shi et al. 2011). Typical approaches 
include optical, infrared (IR), inertial and wearable sensor 
systems (Cavallari et al. 2014). Among above mentioned 
technologies, IR signals are not able to penetrate through 
obstacles (Zhang et al. 2010), inertial sensors require com-
plex calibration process and face fluctuation offset (Liu et al. 
2007), while performance of optical based motion capture 
system is effective as it provides high accuracy, but this sys-
tem is very expensive and needs long procedure of calibra-
tion. Regular monitoring systems generally restricted to the 
lab-based environment which may not be feasible for real 
time remote monitoring of patients (Betke et al. 2002).

On the other hand, wearable sensor technology offers an 
advantageous solution for monitoring of patient as it pro-
vides mobility to the patients, real- time feedback, low power 
and high data rate etc. The network formed by wearable sen-
sors is called Wireless Body Area Network (WBAN) (Patel 
et al. 2012). Sensors might be deployed inside the body, 

on the body and off the body, accordingly the network are 
called in body, on body and off body. These sensors sense 
the health parameters like pulse rate, hemodynamic status 
etc. and direct the sensed signal to sink node (Gupta and 
Devarajan 2020). The collected information may be exam-
ined by concern medical expert for appropriate advice (Kau-
shik et al. 2020). For WBAN different pathloss channel mod-
els (CM) have been defined by the IEEE 802.15.6 standard. 
CM1 formulates the pathloss for implant to implant com-
munication, CM2 evaluates the pathloss which is occurred 
for implant to body surface, CM3 and CM4 express pathloss 
for body surface to body surface and for body surface to 
external respectively. Federal Communication Commission 
(FCC) has assigned diverse operating frequency bands for 
them. For CM1 and CM2 402–405 MHz bands have been 
allotted and the operating range for CM3 and CM4 consists 
13 MHz, 50 MHz,400, 600, 900 MHz, 3.1–10.6 GHz bands 
(Yazdandoost et al. 2009).

Table 1 represents a state of art of human body movement 
detection techniques focusing on approach and limitations.

WBAN has immense potential to classify human body 
activities and is very efficient to analyze them (Cuesta-
Vargas et al. 2010). The basic requirement for an efficient 
human movement tracking system is an accurate classifica-
tion or prediction of activities and reliability because incor-
rect data may lead to critical issues in diagnosis or treat-
ment (Rose and Christina 1997). The recent development 

Table 1   State of art of human body movement detection

References Approach Detection methods Features

Camurri et al. (2003) External sensors have been used to 
capture human body movement

Vision based system High end processors and high data rate 
required

Zhang et al. (2010) Based on RSS (Received Signal 
Strength)

Infrared sensor-based systems Line of Sight (LOS) mandatory

Bilro et al. (2011) Optical communication properties 
have been used to detect any motion 
activity

Optical fibre sensor-based systems High Accuracy but calibration depend-
ent Expensive

Buke et al. (2015) Accelerometer, Gyroscope and 
Compass has been used to measure 
coordinates of moving object

Inertial sensor system Complex calibration process
High Power consumption

Thakur et al. (2020) Sensors present inside the smartphone 
has been used to analyse to human 
body movement

Smart Phone Senor based system Difficult to always carry smartphone 
and standardized testing procedures

Gupta et al. (2020) Recognition of Human body move-
ment using antenna parameters by 
applying deep learning

Antenna based system Data base created using scattering 
parameters of antenna

Current work Human body movement detection 
using CM2 and CM3 pathloss mod-
els, data set comprising parameters 
like pathloss, SNR, BER, RSSI has 
been created and classified human 
body movement by using machine 
learning techniques MLP, kNN and 
Random Forest

Machine Learning Techniques based 
System

An approach which highlights that 
already deployed monitoring device 
like pacemaker can aid in detection 
of human body movements
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in the field of WBAN motivated researchers to investigate 
the application of machine learning methods in human body 
movement detection. The models in machine learning are 
data-driven, self-adaptive and nonlinear. This can give a 
better result from the classification point of view. Some of 
the popular algorithms used in classifications are Artificial 
Neural Networks (ANN), Support vector machine (SVM), 
kNN, decision tree, Naive Bayes and Random Forest (Negra 
et al. 2018).

The main objective of the current work is the detection 
of human body movement with the help of machine learn-
ing using channel characteristics and link quality parameters 
(pathloss, SNR, BER, energy per bit, RSSI and bit rate) of 
proposed WBAN.

Rest of the paper has been structured as follows, In Sect. 2 
related work has been discussed. Section 3 describes the 
system model. Machine learning techniques have been 
explained in Sect. 4. Section 5 highlights the outcomes of 
the proposed work. Section 6highlights the conclusion of 
the work.

2 � Related work

Over the past few years overwhelming research on the 
human activity recognition system has been carried out 
relevant to healthcare applications using wearable sensor 
technology (Lara et al. 2012). Analysis of daily activities 
of patients may help in early diagnosis of any life-threaten-
ing medical issue (Malasinghe et al. 2019). Thus monitor-
ing, tracking and accurate classification of daily physical 
activities of the patient are required. The complex nature 
of human body movements makes activity classification a 
challenging task (Alinia et al. 2015). Several researchers 
focused on human activity identification using wearable 
sensors, camera or radio technologies. A system called Mer-
curyLive based on wearable sensor technology has been 
presented by Chen et al. (2010) where wearable sensors are 
used to monitor the motor fluctuation of a patient remotely. 
Liu et al. (2007) carried out a comparative analysis of the 
sensor-based wearable system consisting of gyroscopes 

and two-axis accelerometers with an optical motion analy-
sis system and stated that wearable sensor system could be 
used in analysis of human body movement. In this Cuesta-
Vargas et al. (2010) study human motion using inertial sen-
sors has been carried out and observe that human motion 
can be analysed utilizing inertial sensors, but the perfor-
mance may be influenced by location and task. In Kwapisz 
et al. (2011) smartphone-based human activity recognition 
system has been examined considering common daily activ-
ity of human (sitting, walking, standing, jogging and climb-
ing stairs). In Thakur et al. (2020) Machine Learning and 
Deep Learning techniques have been applied on the data 
obtained from smartphone sensors to distinguish between 
various human activities in Seiffert et al. (2017) concept 
of Activity Assessment Chain (AAC) has been introduced 
for human movement using wearable sensors. In Archasan-
tisuk et al. (2015) authors used radio signal strength (RSS) 
to detect physical movement in WBAN with collection of 
radio signal strength (RSS) of each movement individu-
ally. Accurate classification of human body movement in 
WBAN is still a challenging task. In last few years, vari-
ous approaches have been proposed to achieve accuracy in 
human body movement classification and machine learning 
is one of them.

The models used in machine learning are data driven, 
self-adaptive and nonlinear. This can give good result from 
the classification point of view (Solomatine 2003). Gener-
ally supervised learning or un-supervised learning has been 
used for classification purpose. In order to classify daily 
human activity like jump, walk etc. (Jagannath et al. 2019) 
presents a comparative analysis of discrete cosine transform 
(DCT), the Principal Component Analysis (PCA) and multi-
class SVM. Authors stated that performance of SVM is best 
among them. Authors in Negra et al. (2018) examined pos-
sibility of human activity classification from channel gain 
measures by using supervised learning for on body scenario 
only. Random Forest algorithm has been used in Casale 
et al. (2011) to classify daily activities using motion sen-
sors. Existing literature reveals that human body movement 
classification methods for wearable networks have been 
investigated exhaustively. From the Table 2 of related work, 

Table 2   Related work

References Approach Metrics analyzed Machine learning technique

Negra et al. (2018) On body Path-gain, SNR and BER Decision tree, random forest, SVM
Kwapis et al (2011) Off body Time domain analysis Logistic regression, MLP, Straw Man
Archasantisuk et al. (2015) On body RSS Neural network, decision tree
Jagannath et al. (2019) On body Time domain analysis DCT, PCA, SVM
Current work (In + on) body Pathloss, received power, received energy, bit 

rate, energy per bit, SNR, BER, RSSI
Random forest, kNN, MLP
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it is observed that existing work has been carried out mainly 
for on body WBAN. For implanted networks tracking and 
human body movement recognition still need to be explored. 
The current work presents a novel approach to detect human 
body movement considering in body and on body WBAN.

The main contributions of this work are:

•	 A WBAN is modeled to detect the human body move-
ment (sit, stand and walk) aided by the implanted pace-
maker which transmits the detected cardiovascular 
parameters of the patient to on body sensor.

•	 Received power, received energy and link quality param-
eters (pathloss, SNR and BER, RSSI, Bit Rate, Energy 
per bit) of the proposed model have been analyzed using 
IEEE 802.15.6 CM2 and CM3 models and data base 
has been created with evaluated channel characteristic 
parameters.

•	 Machine learning techniques like MLP, kNN and Ran-
dom Forest have been applied and their accuracy has 
been critically compared for detection of human body 
movement (sit, walk, stand).

3 � System model

For this work a scenario has been considered where it is 
assumed that a patient is being monitored after pacemaker 
has been implanted inside his body. In order to observe post-
surgery issues like stroke predictions or associated reactions, 
regular monitoring of patient is necessary. For the considered 
scenario, it has been assumed that a sensor node A′ has been 
implanted in the pulmonary artery (PA) of patient to monitor 

cardiovascular parameters of the patient. Apart from sensing 
desired cardiovascular parameters, implanted sensor will also 
aid in detecting human body movement. The sensors which 
are implanted inside the human body will sense the data and 
transmit them to on body sensor nodes A and B which have 
been placed on body near the heart and ankle respectively. 
The purpose of these nodes is to assure that signals are trans-
mitted properly to sink node and further hand held device. 
Node B is acting as a sink node and the information will be 
transmitted to it via node A. Multiple nodes are considered in 
order to ensure the link quality of the wireless communica-
tion. Sink node B forwards the information to a cloud server 
which after required data analytics aids medical experts. The 
focus of the work is to emphasize that the PM apart from 
doing the regular functioning which has been attributed to it 
can aid in human body movement detection.

Figure 1 depicts the layout for the proposed model where 
the distance from node A′ to node A and node A to node 
B is denoted by dA′A and dA, B respectively. The in body 
sensor node A′ will sense the signal and further transmit it 
wirelessly to on body sensor node A. While the transmis-
sion takes place the signal strength will be impacted by the 
wireless nature of in body. The pathloss incurred inside the 
human body can be computed using CM2 pathloss model 
defined by IEEE802.15.6. It has been assumed sensor are 
operating at 402–405 MHz band. Once the signal reaches 
at on body sensor node A placed on the heart from that the 
signal will be further transmitted to sink node B operating 
at 400–450 MHz band and placed at the ankle. Due to wire-
less nature of medium between node A and node B certain 
amount of pathloss will be incurred which will be computed 
using CM3 pathloss model define by IEEE802.15.6. The 

Fig. 1   WBAN architecture to monitor cardiovascular parameters
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equation for CM2 and CM3 pathloss model have been given 
further in (1) and (2).

The main idea behind this research is that when there 
is a certain amount of physical movement by a subject the 
distance between two nodes will vary. Since the pathloss is 
directly dependent on the distance between the communicat-
ing nodes, there will be variation in the pathloss. Net vari-
ation in the pathloss is calculated considering the pathloss 
which has occurred inside the body and pathloss which will 
occur on body. Net pathloss is calculated using (3).

In this analytical study three physical activities (sit, stand 
and walk) have been considered to analyse the quality of the 
transmitted signal and detection of human body movement 
as shown in Fig. 2. The distance variation with respect to 
physical movement sit, stand and walk between node A and 
node B is denoted by d1, d2, and d3 respectively. There are 
various communication link parameters which can be evalu-
ated indirectly using pathloss, distance and other parameters. 
Evaluation of various link parameters have been carried out 
in the following section.

A data set has been created under the considered scenario 
with 100 different healthy human subjects who agreed for 
the on-body data collection. Heart related health issues tend 
to arise in middle age, keeping this fact in mind, the average 
age of subjects was taken around 45 years. Height, weight 
and body mass index (BMI) of some subjects have been 
shown in Table 3. BMI is significant as it exhibits the height-
weight relationship and gives a more precise measure than 
body weight only. A sample data set of distance variation 
with respect to body movement is given in Table 4.

As mentioned in the earlier section for evaluating the 
pathloss which will incur inside the body has been calculated 

using CM2 model (Yazdandoost et al. 2009) and is given in 
(1),

Fig. 2   Physical body movement a sit b stand c walk

Table 3   Sample height and weight of subjects

Here F female and M male

Subjects Age Height (cm) Weight (kg) BMI (kg/m2)

F 49 162 78 29.7
F 39 154 48 20.2
F 42 162 60 22.9
F 37 156 77 31.6
F 43 164 63 23.4
M 41 178 78 24.6
M 34 181 76 23.2
M 38 182.8 75 22.4
M 39 185.9 78 22.6
M 39 187.3 88 25.1

Table 4   Sample data set

Here d1, d2 and d3 are in cm

Subject d1 d2 d3

1 86 104 108
2 90 108 112
3 94 112 116
4 98 112 114
5 102 110 118
6 104 121 122
7 109 120 123
8 110 121 128
9 113 128 130
10 116 130 132
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Here, PL(d0) is the pathloss at reference distance d0 and 
d0 = 50 mm. dA′,A is the separation distance from the node 
A′ and the node A. S denotes the shadowing component.

Once the signal will reach on body, the pathloss between 
the node at the heart (A) and to the node at ankle (B) will 
be calculated using CM3 model (Yazdandoost et al. 2009) 
and given in (2)

Here, dA,B denotes the distance between nodes A and B, 
a, b are linear fitting coefficients and N is standard deviation.

Parameters used in pathloss computation for CM2 and 
CM3 channel models have been given in Table 5

As mentioned earlier, the total pathloss will be the sum-
mation of pathloss incurred inside human body and on body. 
From (1) and (2), the net pathloss experienced by the signal 
during propagation from node A′ to node B can be repre-
sented as,

For the considered scenario it is assumed that the sig-
nal will be transmitted at the power level Pt. Pathloss will 
impact the signal strength and received power will obviously 

(1)PL(d)A�A = PL
(

d0
)

+ 10n log10

(

dA�A
/

d0

)

+ S
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}

be attenuated in comparison to the transmitted power. The 
received power will be calculated as (Rappaport 1996).

Here Pt is the transmitted power and PLTOTAL is the total 
pathloss experienced by the signal during travel from node 
A′ to node A (in body) and then node A to node B (on body).

Received power can be obtained by substituting values 
from (3) in (4) and is given in (5),

Data rate (Rb) analysis is required to achieve successful 
transmission of data. Higher the data rate higher the energy 
consumption. Hence it is required to operate WBAN in per-
missible limit of data rate to achieve energy efficiency. Com-
putation of data rate has been given in Proakis et al. (2014) 
and written as,

where, B is the bandwidth, N0 is the noise power density.
By using (5) and (6) Rb has been computed and presented 

in (7) as,

Energy received by the end node is one of the important 
factor to analyse the performance of the network. Received 
energy primarily depend upon transmitted power and trans-
mission channel and calculated using (8),

Here t (assumed) = 1 ms and value of pathloss PLTOTAL 
will be obtained by using (3).

Link quality is a very important optimization parame-
ter for WBANs. Link quality has been evaluated using the 
parameters like RSSI, SNR, Energy per bit, BER etc. For 
the considered scenario these parameters can be evaluated 
as follows,

Received signal strength indicator (RSSI) signifies 
the quality of received signal at the receiving end. This 

(4)Pr =
Pt

PLTOTAL

(5)Pr =
Pt

{

PL
(

d0
)

+ 10n log10

(

dA�A
/

d0

)

+ S
}

+

{

a × log10
(

dA,B
)

+ b + N
}

(6)Rb ≤ Blog2

(

1 +
Pr

No

1

B

)

(7)Rb ≤ B log2

⎡

⎢

⎢

⎢

⎣

1 +

⎛

⎜

⎜

⎜

⎝

Pt
�

PL
�

d0
�

+ 10nlog10

�

dA�A
�

d0

�

+ S
�

+

�

a × log10
�

dA,B
�

+ b + N
�

⎞

⎟

⎟

⎟

⎠

1

No

1

B

⎤

⎥

⎥

⎥

⎦

(8)Erec =

⎡

⎢

⎢

⎢

⎣

Pt

antilog
�

PLTOTAL−b−N

a

�

⎤

⎥

⎥

⎥

⎦

× t

Table 5   Channel model parameters (Yazdandoost et al. 2009)

Description Symbols Values

Pathloss at reference distance (d0) PL (d0) (dB) 47.14
Pathloss exponent N 4.26
Shadowing component S 7.85
Linear fitting coefficients A 3

B 34.6
Standard deviation N 4.63
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parameter plays a crucial role as it determines appropriate 
signal strength required for successful reception as expressed 
in Rappaport (1996) and given as,

where α is the path loss exponent. α = 3.
SNR is a very important parameter to analyse the perfor-

mance of the network. High SNR means good quality of the 
signal. SNRA, B for the considered scenario has been given 
in Soliman et al. (2012) and written as,

where h is complex normally distributed channel gain, which 
is taken unity for simplicity, Pt is the transmitted power and 
�
2 is the noise variance.

Substituting values from (2) and (3) the computed 
SNRA, B is given as,

Energy efficiency is most critical issue with WBANs. 
Hence calculation of energy per bit is very important param-
eter which helps in performance analysis of the network. 
Computation of energy per bit is given in Gallager (2008) 
and can be represented as,

Substituting value of SNR from (11), Eb can be rewrite 
as:

Further Bit error rate (BER) for the considered scenario 
has been calculated using (11) and expressed in Peng and 
Peng (2016),

Here k is the specific subcarrier index.
Based on the parameters calculated with the help of above 

mentioned equations have been summarized in Table 3, a 
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data set has been created which is further used in Machine 
learning for human body movements prediction. In next sub-
sequent section machine learning algorithm has been dis-
cussed and further implemented on the data set for human 
body movement detection.

4 � Human body movement detection based 
on machine learning techniques

In Machine Learning, a machine learns from its experi-
ence, takes decisions and make predictions (Ayodele 2010). 
Machine Learning is generally used to deal with classifi-
cation, regression and clustering problems. The selection 
of learning approach and appropriate machine learning 
algorithm depends upon the available data types (Ali et al. 
2019). In literature, to classify the human body movement 
variety of machine learning techniques have been developed 
like decision tree, Random Forest, SVM, kNN, ANN, and 
Naïve Bayes etc. In the current work human body movement 

detection has beesssn carried out with MLP, kNN and Ran-
dom Forest using data set created by channel characteristics 
parameters. Details of which are explained below:

Multilayer Perceptron (MLP) MLP is a linear classifier 
with input, hidden and output layers. The layers are associ-
ated to each other in such a manner that each node of previ-
ous layer connects to the node present in the subsequent 
layer and assigned weight (Wahid et al. 2017). The output 
and expected result will be compared to compute error and 
trained in the perceptron by adjusting the connection weights 

accordingly. For MLP training backpropagation technique is 
applied. MLP may be useful in recognition of speech, image 
etc. (Simeone 2018).

k-Nearest Neighbours (kNN) kNN works on the assump-
tion that similar things are near to each other. It classifies 
samples based on the distances (similarity function) from 
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its k neighbours in the training data. Distance calculation in 
kNN is generally done by using the Euclidean distance (Ali 
et al. 2019). Application of kNN can be found in the classifi-
cation of medical data, handwriting recognition, handwriting 
detection, image recognition etc. (Ray 2019).

Random Forest Random Forest algorithm is collection of 
tree predictors. It is a classification algorithm which works 
on supervised learning and depending upon input data set 
creates a forest with several trees. It maps complex nonlin-
ear decision boundaries (Breiman 2001). It works on vot-
ing system and final decision is taken on the majority of 
votes. Generally, the accuracy of the result is directly related 
with number of trees. Higher accuracy can be achieved by 
increasing density of trees in the forest (Liaw et al. 2002). 
By reducing the correlation between trees, it realizes great 
reduction in variance which makes Random Forest more 

robust against noise. At the time of splitting it always con-
siders only a subset of the available predictors to reduce cor-
relation. Classification accuracy given in Casale et al. (2011) 
and presented as follows:

A comparative flow chart of MLP, kNN and Random For-
est is illustrated in Fig. 3.

The work has been performed using the cloud service 
provided by Google (Google Colaboratory). The model has 
been created using python library with 150 inputs and the 
number of outputs was one at a time to classify the human 
body movement like the object is sitting or standing or walk-
ing (Table 6).

(15)Accuracy =
Correct predictions

Total predictions made

Fig. 3   A comparative flow chart of MLP, kNN and random forest algorithm
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5 � Result and discussion

Performance of the proposed model has been evaluated in 
terms of pathloss, received power, received energy and link 
quality parameters (SNR, BER and RSSI, energy per bit). 
With these parameters human body movement detection has 
been carried out using machine learning techniques. Consid-
ering three human body movement (stand, sitting and walk) 
a data set has been created consisting of 300 readings of 
male and female subjects of the age group 45. IEEE 802.15.6 
CM2 and CM3 pathloss models have been used to analyse 
the channel characteristics of proposed model. Simulation 
work has been carried out on MATLAB R2021a) and simu-
lation parameters are listed in Table 7.

Figure 4 presents comparative plots of pathloss variation 
with distance. Figure 4a and b depicts pathloss comparison 
of combined channel with on body and in body respectively. 
There is a significant difference in pathloss computed for 
combined channel and individual channels (in body and on 
body) which indicates that combined pathloss dominates 
the signal quality. Further effect of human body movement 
on the pathloss with respect to distance has been depicted 
in Fig. 5. It is noticeable in Fig. 5a that with any physical 
movement of subject (sit, stand or walk) pathloss varies as 
distance get changed also when subject is walking pathloss 
is maximum in comparisons to other activities. In Fig. 5b 
normalized pathloss has been plotted with respect to dis-
tance to highlight the different human movement precisely.

In Fig. 6 SNR variation with respect to distance is pre-
sented. Figure 6a indicates that different human body move-
ment affects the SNR values. The lowest SNR is received 
when subject is walking, it may be said that distance varia-
tion between communicating nodes is maximum when sub-
ject is walking and when subject is sitting best SNR value is 
obtained as shown in Fig. 6b with normalized output.

Figure 7 illustrates the relationship between SNR and 
pathloss. Figure 7a shows that higher the pathloss lower 
the SNR. Figure 7b exhibit normalized SNR where dif-
ferent human body movement may be recognized. Apart 
from SNR, BER is also one of the important parameters to 
examine the link quality as well as reliability of any channel 
model which is plotted in Fig. 8 with respect to SNR. Fig-
ure 8a indicates that during walking the BER is maximum. 
For more clarity normalized BER has been shown in Fig. 8b. 
Critical analysis of link quality parameters (pathloss, SNR Ta
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Table 7   Simulation parameters

Parameters Symbols Values References

Bandwidth B 500 kHz Yazdandoost et al. (2009)
Transmitted power Pt 100 nw Abbasi et al. (2016)
Noise variance σ2 − 171 dB Abbasi et al. (2016)
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and BER) shows that human body movement affects the link 
quality which may be used to detect human body movement.

Figure 9 depicts the bit rate for different human body 
movements with respect to distance. Figure 9a shows that 
bit rate is impacted by increase in distance. Normalized plot 
of bit rate has been plotted in Fig. 9b which gives insight to 
differentiate human body movement.

Further human body movement detection using machine 
learning techniques (MLP, kNN and Random Forest algo-
rithm) have been carried out. The Performance of Random 

Forest algorithm has been depicted in Fig. 10. Learning 
curves for loss and accuracy is shown in Fig. 10a which 
indicates that accuracy of Random Forest algorithm is 93.4% 
and loss is.049. Figure 10b illustrates plot of training and 
validation score. The gap between these two indicates that 
Random Forest fit the training data very well.

The confusion matrix is utilized to evaluate the perfor-
mance of classifier. At the time of making predictions the 
confusion of classifier model is given by confusion matrix. 
In the matrix each sample is located mutually independent. 

(a) (b)

Fig. 4   Comparative plot of pathloss with distance a on body and (in body + on body) pathloss with distance b in body and (in body + on body) 
pathloss with distance

(a) (b)

Fig. 5   Pathloss for different human body movement a pathloss with distance b normalized pathloss with distance
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Original class is represented by rows and column represents 
the class as produced by classification model. The main 
diagonal values provide the correct predictions. For the 
sample set size of 160, 52 samples have been labelled under 
class “Sit” in Random Forest classifiers while for samples 
whose label is “stand” 51 samples classified correctly and 5 
are misclassified and for label” Walk”, 54 samples are cor-
rectly classified and six samples are incorrectly predicted. 
The accuracy of Random Forest classifiers is high in com-
parison to MLP and kNN. The results of this analysis show 
that Random Forest classifier performs better and gives high 

accuracy. The confusion matrix for different human body 
movement is presented in Table 8.

Further a comparative analysis of prediction accuracy of 
MLP, kNN and Random Forest algorithms has been carried 
out. The prediction accuracy obtained of MLP, kNN and 
Random Forest are 65.3%, 72.8%. and 93.4% respectively. A 
comparative chart of prediction accuracy and loss is shown 
in Fig. 11 which indicates that performance of Random For-
est is best in comparison to MLP and kNN algorithms for 
the proposed model.

(a) (b)

Fig. 6   SNR for different human body movement a SNR with distance b Normalized SNR with distance

(a) (b)

Fig. 7   SNR and pathloss relationship for different human body movement a SNR with pathloss b normalized SNR with pathloss
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6 � Conclusion

In the current work, the information signal received from 
implanted pacemaker has been analysed in terms of received 
power, received energy, pathloss, SNR, BER, bit rate, energy 
per bit and RSSI and detection of human body movement 
has been performed using Machine Learning techniques. 
For creation of data set three human body movements sit, 
stand and walk have been considered and evaluated for 160 
subjects of the age group of 45. The data set comprises of 
various parameters like received power, received energy, 
pathloss, SNR, BER, bit rate, energy per bit and RSSI which 

have been evaluated using CM2 and CM3 models defined by 
IEEE 802.15.6. Further machine learning techniques have 
been applied to create the data set for human body move-
ment using MLP, kNN and Random Forest. From the criti-
cal comparative analysis for Machine Learning algorithms 
it has been observed that movement of human body can 
be detected from the created data set with an accuracy of 
65.3%, 72.8% and 93.4% for MLP, kNN and Random For-
est respectively. Random Forest algorithm shows promising 
performance than MLP and kNN. The proposed model and 
approach will prove beneficial in the monitoring of human 
body movement of patient using an already deployed in body 
sensor device.

(a) (b)

Fig. 8   Bit error rate analysis for different human body movement a BER vs SNR b bormalized BER with SNR

Fig. 9   a Bit rate w.r.t distance b normalized bit rate w.r.t distance
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