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Abstract: The various activities of human movements have been discussed for several years,
such as sports activities, daily life activities, and so on. Their detection and classification have
given crucial information about a person’s behaviour and health status. So, there has always been
a purpose for detecting and classifying these activities for real-life problems. Behavioural
recognition, fall detection, intrusion detection, human health prediction model, ambulatory
monitoring, smart access to electronic appliances, etc., are the main motives of the detection of
physical activity in the context of daily life. Nowadays, various types of wearable sensors are
available in tiny sizes due to the advancements in miniature technology in electronic devices,
which proved very useful for detecting human motions. Here in this article, some important
methodologies, physical activity basics, and their classification using machine learning and deep
learning approaches are discussed in the context of wearable sensors. After reading this article,
the researcher could summarise the whole theory and technical aspects of activity recognition.
Wearable sensors have gained tremendous traction for sensing human motion due to their various
advantages over other sensors.

Keywords: wearable sensors; deep learning models; machine learning models; accelerometer;
gyroscope; activity recognition.
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Introduction

toileting, sitting, standing, lying, etc., are generally
considered as an activity of daily living (ADLs) (Hall and

Any bodily movement resulting in energy expenditure is
generally considered physical activity, and exercise is
defined as the subset of physical activity (Hills et al., 2014).
Physical activities like bathing, eating, walking, dressing,

Copyright © 2023 Inderscience Enterprises Ltd.

Frcpe, 2012). The ADLs is further divided into two parts
basic and instrumental ADLs (Koyano et al., 1988). Basic
activities (BA) of daily living are required for personal care,
such as bathing, eating, dressing, stair up and stair-down,
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etc. (Yang et al., 2011; Tolstikov et al., 2011; Van Kasteren
et al, 2010; Hong and Ohtsuki, 2011) Instrumental
activities or complex activities (CA) are the core activities
of daily living for living independently, including preparing
meals, doing household work, using the telephone,
managing money, etc. (Hall and Frcpe, 2012). Physical
activity assessment could be done in two ways one is a
subjective assessment, and the other is an objective
assessment. Subjective assessments such as surveys,
questionnaires, and diaries are considered, but these
methods have been followed inaccuracy in some extent due
to human error involvement. In the objective assessment of
physical activity, motion sensors, like accelerometers and
gyroscopes, are considered for detecting human motion,
posture orientation, and the intensity of movement (Yang
and Hsu, 2010). Acceleration generated by human
movement could be measured by the accelerometer along its
reference axis for quantifying physical movement.
Information about the intensity and frequency of movement
are also obtained with the accelerometer (Chen and Bassett,
2005).

It is also evident that the assessment of various physical
activities depends on the type of physical activity and
duration of those activities. Pedometers are well suited as
far as walking is concerned, where step counts are the
measured quantity. Heart rate monitoring has been used for
moderate activities. Triaxial accelerometers have been used
for long-term and free-living types of physical activities
(Freedson and Miller, 2000). The articles (Westerterp and
Bouten, 1997; Eston et al., 1998; Welk and Corbin, 1995;
Pereira and Freedson, 1997) described a better picture of
how and why the selection of sensor completely depends on
which type of activity is under consideration. Human
activity recognition (AR) by capturing images and videos
with the help of a video sensor has been studied in several
studies (Cichy et al., 2016; Onoffi et al., 2016). The wireless
signal or Radio Frequency signal-based human AR utilises
wireless signal distortion with the interaction of human
beings for AR (Kianoush et al, 2017). The wearable
sensors, smartphones, and inertial measurement units have
been widely used for AR due to the advancement in the
miniaturisation of electronic devices and their various
advantages over other modes of sensing such as vision and
wireless sensing. The vision-based AR systems require a
clear line of sight, costly installation maintenance, high
computation cost, static position, and illuminations. The
wireless signal or radiation-based AR systems have various
health-related issues (Nweke et al., 2018a). The Wearables
sensors are characterised by their simple use, low power
consumption, ease to wear, cheap installation, etc. Inertial
sensors are defined as the force sensors that respond to
linear acceleration (accelerometer) along with one or several
axes and to angular motion (gyroscope) along with one or
several directions (Yang and Hsu, 2010). The operating
principle of an accelerometer is based on a mechanical
sensing element called seismic mass or proof mass which is
attached to mechanical suspension along the reference axis.
Whenever the force is exerted on seismic mass, the mass is

deflected along the reference axis which would be directly
proportional to an applied acceleration. Further, this
deflection is converted to the electrical quantity (Godfrey et
al., 2008; Oberg et al., 2004). The importance of AR has
been accepted by the research community due to its various
real-time applications for the betterment of human life, such
as elderly care, healthcare, fitness monitoring, sports
analytics, security and surveillance, biometrics, etc.
Wearable sensors-based AR is very useful in the case of
getting rehabilitation of a patient after the attack of disease
such as Parkinson’s disease, sleep apnea, heart attack, and
so on. Monitoring and care for these patients are required
after major operations, but for that, the patient has to be
present in the hospital compound for a long time. Today’s
technology-based wearable sensors can be able to send
information about the patient’s activities to a doctor or nurse
who is far away from the patient (Mukhopadhyay, 2015).
Falls are a very common problem in elderly people by
which elderly populations have been facing dire
consequences in their daily life due to various physical and
mental problems after getting falls (Shany et al., 2012; Aziz
and Robinovitch, 2011). Some of the applications of
wearable sensor-based AR are given in Figure 1, such as
e-health, e-emergency, e-factory, etc. E-health is the field
where remote location health assistance is provided in the
case of elderly care, patient monitoring, fall detection,
rehabilitation, fitness monitoring, and so on. The emergency
help in case of an earthquake, flood, cloud burst, riots, a
stampede in public places, etc., is covered in the
e-emergency domain. E-factory where workers’ behaviour
in a factory environment is monitored to protect them from
any accident during working with heavy machines. The
detection of human motions by analysing the data collected
from sensors while the user is performing some actions is
known as AR (Gupta, 2021). The wearable devices consist
of different sensors like accelerometers, gyroscopes, and
magnetometers that can be easily used for data collection
related to human motions, and further, that data can be
utilised for AR. Nowadays, the easy availability of different
wearable devices with inbuilt sensors, such as
smartwatches, smartphones, wrist bands, smart clothes, etc.,
makes them very wuseful for AR. The wearable
sensors-based AR is focused in this paper due to its various
advantages of it over other sensor modalities-based AR. The
basic steps such as data acquisition, preprocessing, feature
extraction and classification are shown in Figure 3 for AR.
This comprehensive survey for wearable sensors-based AR
includes the study of the importance of sensor locations,
preprocessing of acquired data, feature extraction,
conventional machine learning models, and deep learning
models for classification.

To provide a comprehensive survey of wearable
sensor-based AR, we have surveyed around 700 articles,
including research as well as review by typing keywords in
Google scholar like ‘wearable sensor-based AR’,
‘smartphone-based AR methods’, and ‘filters used in data
acquisition for AR’, ‘different machine learning techniques
for AR’, ‘deep learning models for AR’, ‘wearable
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sensor-based datasets for AR’ and others. The AR models
based on vision sensors, wi-fi, and RADAR have been
neglected from the study and the article mainly based on
wearable sensors where data were taken locally are
considered specifically. Therefore, in this way at last 257
articles are selected for writing this review paper. Some of
the well-written review papers (Wang et al., 2019a; Nweke
et al., 2018a; Wang et al., 2019; Ramanujam et al., 2021)
are considered to define the structure of the paper.

Figure 1 Applications of human AR (see online version for
colours)
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Figure 2

Some of the widely used sensor locations (see online
version for colours)
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The rest of the article is structured as follows. Section 1
describes sensor locations, the importance of location for
particular activity and design issues related to wearable
sensor for real time application of AR. Section 2 describes
the preprocessing of acquired data in terms of filtration and
segmentation. Section 3 has two subsections for manually
extracted features and each subsection describes numerous
techniques for feature extraction in time and frequency
domains respectively. Section 4 presents the feature
dimension and selection techniques. Section 5 describes the
overview of traditional methods of classification. Section 6
presents the state-of-the-art methods of deep learning for
AR. Section 7 discusses the theme of AR and Section 8
concludes the review and includes some widely accepted
publicly available datasets.

2  Wearable sensor locations, their detected
activities and design issues

Physical activity assessment methods vary according to the
positioning of the sensor, the number of sensors, type of
activity, statistical techniques, and signal processing
methods (filtering, pattern recognition) (Foerster et al.,
1999). In the late 1980 and 1990s, the devices and sensors
which were used had massive structures, low storage and
processing capabilities but nowadays the scenario has
changed. These days the advancement in integrated
technology has gained advantages in terms of oversize,
speed, and processing capabilities compared to the previous
one (Lee et al., 2010).

The growing advancements in electronics industries
attract more researchers towards the designing of tiny
devices with more features for fitness alert devices such as
smartwatches, smart bands, heart rate monitors, fabric-based
tracking devices, and so on. The wearable technology
market for healthcare services is rapidly growing due to user
comfort and easy-to-wear capabilities with a standard
physiological data-taking capacity (Mukhopadhyay, 2015).
Different kinds of sensors are available to measure human
physiological parameters. Nowadays, it is possible to
measure the physiological signals for very long durations
with less power consumption and low-cost processing.

The body’s temperature is a very common physiological
parameter in wearable sensing technology. Medical stress,
which creates various health-related consequences, can be
detected with the help of the profile of temperature sensors.
Body temperature is a very useful physiological parameter
in activity classification (Parkka et al., 2006; Leonov, 2013;
Winkley et al., 2012). The various methods are available for
measuring the heart rate based on the brightness of a
person’s face, sound, etc.; further, it can be used to detect
disease and activities (Zhang et al., 2010; Tamura et al.,
2014; Poh et al., 2010; Inomata and Yaginuma, 2014).
Accelerometers have been widely used sensors for the
detection of physical activities such as the detection of falls
(Shany et al., 2012; Kan and Chen, 2012; D’Angelo et al.,
2014). Electrocardiograph sensors are very useful and
widely used to assess the short-term cardiovascular disease.
These sensors are very common for getting information on
chronic heart patients. ECG signal provides crucial
information regarding the regularity of heartbeats and R-R
interval for knowing the heart’s health. Nowadays, various
wearable ECG sensors in different forms are available with
low power and high resolution (Yan et al., 2011). The
various wearable devices are in trend in these days due to
their comfort to wear, smartness and specification of inbuilt
sensors such as accelerometers, gyroscopes, magnetometers,
light sensors, and so on (Zhuang et al., 2019). The location
of the wearable devices is very important for getting the
data quality because different activities impose different
impacts on different body parts depending on the performed
activities (Lawal and Bano, 2020). The Sensor placement
was addressed in a study where different activities such as
jogging, walking on a treadmill, stair ascent, stair descent,
sitting, standing, and lying were detected with six sensors
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placed in different locations (left hip, left thigh, left wrist,
chest, lower back, left foot) and it was observed that best
activity signal obtained from the hip position (Cleland et al.,
2013). The detail of some previous studies for AR with
different locations, sensors and activities are given in
Table 1.

Some of the widely used sensor locations on the human
body are given in Figure 2. Sensor location selection is
largely depends on the type of activities and for that some
research papers have considered different location for their
own selected activities such as wrist (Shoaib et al., 2016;
Villar et al., 2015; Leutheuser et al., 2013), hip (Leutheuser

et al., 2013; Banos et al., 2015; Shoaib et al., 2014; Liu et
al., 2012; Debache et al., 2020), waist (Chung et al., Xie et
al., 2018; Hossain Shuvo et al., 2020; Ahmed et al., 2020;
Wang et al., 2016; Debache et al., 2020; Zebin et al., 2018;
Ahmed et al.,, 2019) chest (Altun and Barshan, 2010;
Zhuang et al., 2019; Chung et al., 2019; Attal et al., 2015),
ankle (Chung et al., 2019; Attal et al., 2015; Wang et al.,
2016; Debache et al., 2020), arms (Altun and Barshan,
2010; Chung et al., 2019; Shoaib et al., 2014; Wu et al.,
2012), thigh (Attal et al., 2015; Trabelsi et al., 2012;
Abhayasinghe and Murray, 2014; Hendry et al., 2020;
Trabelsi et al., 2013) etc.

Table 1 Different body locations of wearable sensors and their detected activities
Ref. Sensor location sensors Detected activities
Karantonis et al. Waist Accelerometer Sit to stand, stand to sit, lie, lie to sit, sit to
(2006) lie, walking, falls.

Parkka et al. (2006) Wrist and chest

Yang et al. (2008) Left shin, right shin, left wrist,
right wrist, waist, left thigh,

right thigh, right bicep

Chen et al. (2008) wrist

Yin et al. (2008) Left shoulder, left ankle, waist

Atallah et al. (2009) Ear

Béchlin et al. (2010) Shank, lower back, and thigh

Atallah et al. (2011) Ankle, knee, waist, arm, chest,

and ear

Bulling et al. (2012) The opposite side of the eye,

forehead, head

Left hip, left foot, left thigh,
left wrist, chest, lower back

Cleland et al. (2013)

Reyes-Ortiz et al. Smartphone carrying with belt,

(2016) chest, ankle, wrist, trunk, upper
and lower extremities.

Gupta and Dallas waist

(2014)

Altini et al. (2015) Wrist, ankle, thigh, right hip,

and chest

Zhu et al. (2015) Right thigh, waist, and right

Waist and ankle

Wang et al. (2016)

Moschetti et al.
(2017)

Index finger and index

Heart rate, altitude, and
acceleration

Accelerometer and Gyroscope

Accelerometer

Accelerometer + ambient sensors

Accelerometer

Accelerometer, Gyroscope,
Magnetometer.

Accelerometer
ECG, accelerometer, calorimeter

Orientation, acceleration, angular
hand rate, and magnetic field

Lying, sitting, standing, Nordic walk,
walking, rowing, cycling, running, etc.

Sit to stand, stand to sit, sit to lie, lie to sit,
stand to kneel, kneel to stand, jump, rotate
right, rotate left, bend upstairs and
downstairs.

Standing, sitting, walking, running,
vacuuming, scrubbing, brushing teeth, and
working at the computer.

Light, temperature, accelerometer, Slipping on the ground, falling backward,
magnetometer, and microphone

falling forwards, etc. (abnormal activities)

Preparing a meal, eating, physiological
measurement, walking between rooms,
getting dressed and washing, receiving
visitors, etc.

Acceleration Freezing of gait detection for Parkinson’s
disease patients.
Accelerometer Running in a corridor, wiping the table,

walking, lying, drinking, eating, etc.

Skin electrodes and head-mounted Eye and head movements for recognition
accelerometer

of reading

Walking, jogging, sitting, lying, standing,
upstairs and downstairs

Sit to lie, sit to stand, stand to sit, lie to sit,
stand to lie, lie to stand.

Stand to sit, sit to stand, stand to kneel,
run, jump, walk and sit

Lying, sitting, standing, household
activities, walking

Walking, lying, standing, sitting, sit to
stand, stand to sit, sit to lie, lie to sit, and
hand gestures

Accelerometer Sitting, lying, standing up from lying,
standing, walking, running, bicycling,
jumping

Acceleration Eating with the hand, eating with a fork,

drinking with a glass, eating with a spoon,
drinking with a cup, drying the hair with a
hair dryer, brushing the hair with a hair
brush.
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Table 1 Different body locations of wearable sensors and their detected activities (continued)
Ref. Sensor location sensors Detected activities
Guo and Wang Left thigh, right ankle, left Accelerometer Going downstairs, climbing stairs, kicking
(2018) arm, and right waist left leg, pressing right and left leg, turning

Insole-based et al.
(2018)

Guo et al. (2019)
Quaid and Jalal

(2020)
Pham et al. (2020)

Randhawa et al.
(2020)

Cross et al. (2020)

Gao et al. (2021b)

Fu et al. (2021)

Khatun et al. (2022)

Insole, wrist, thigh
Right wrist, left arm, waist,
right ankle, and left thigh.

Wrist, knee, and back

Sole of e-Shoe, wrist

Fabric sensor-based jacket

Inertial sensor units on upper
body chest, waist, right and left
wrist,

iPhone7 in right trouser pocket

Left thigh

Smartphone in right trouser
pocket

Accelerometer, gyroscope,
position

Accelerometer and gyroscope

Accelerometer

Accelerometer and gyroscope

Stretch, pressure and
accelerometer sensors

Accelerometer and gyroscope

Accelerometer

Accelerometer, gyroscope,
magnetometer and air pressure
sensors

Accelerometer and gyroscope

Accelerometer

right waist, running, walking.

Lie, sit, stand, walk, descend stairs, ascend
stairs, washing dishes, etc.

Go downbhill, running, walking, practice
gymnastic, rope skipping, cycling
Basketball, badminton, skipping, football,
cycling, and table tennis

Brushing, washing hand, Slicing, Peeling,
Up stair, downstair mixing, wiping,
sweeping floor, cycling etc.

Still, standing up, twist jump-turn, dancing
and violent actions

Filed hockey- passing, drive, drag flick,
dribbling, receiving and tackling

Walking, jumping, jogging, going
downstairs and upstairs

Sit, lie, walk, stand, running, go upstirs and
downstairs

Sitting/standing, walking, jogging and
running

Link et al. (2022) wrist

Volleyball — underhand serve, block and
dig, playing Frisbee

The manufacturing of small sizes wearable sensors with the
specification of acquiring, processing, sending and
receiving data is a challenging task and the research have
been going on in that direction. The pervasive and
ubiquitous computing technology largely depends on smart
sensors. Some design issues in smart wearable sensors are
shown in Figure 3.

Figure 3 Some challanging design issues in wearables
(see online version for colours)
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In the following headings the various steps in AR modelling
are discussed as shown in Figure 4.

3 Pre-processing

Pre-processing step of AR is generally known for filtering
and data segmentation and in this section, the various
filtering and data segmentation techniques are discussed
which have been used in previous state-of-the-art research.

3.1 Filtering

The acquired data from wearables require to be passed
through a filtering step before feature extraction. Pre-
processing is an important step in AR modelling due to its
efficient impact on the model’s overall performance. The
data obtained from various wearables contains different
types of noise due to mishandling of sensors, location
displacement, loose tightening on body, etc., so appropriate
filtering is required to denoising the data (Atallah et al.,
2007; Fontana et al., 2015; Ordoéiez et al., 2013). Most of
the research work utilised filtration to remove the
gravitational component from the acceleration data
(Leutheuser et al., 2013; Anguita et al., 2013; Reyes-Ortiz
et al., 2016; Karantonis et al., 2006). Some of the previously
used filters in wearable sensor based AR modelling are
moving average (span = 3,5,9) and Butterworth low pass
filter (Nam and Park, 2013), mean filtering (sliding window
of length 5) (Hu et al, 2014), moving average filter
(span = 5) (Adaskevicius, 2014), median filter (size = 3) to
remove the spikes and and 4th order infinite impulse
response low pass elliptic filter (cut off frequency = 0.3 Hz)
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to remove the gravitational component of acceleration
signal (Moncada-Torres et al., 2014) , digital low pass filter
(cut off frequency = 0.25Hz) (Bayat et al., 2014), moving
average low pass filter (span = 5) (Kalantarian et al., 2015),
second order Butterworth high pass filter with cut off
frequency of 0.25 Hz (Machado et al., 2015), 3rd order
media filter, low pass Butterworth filter (cut off frequency
of 20 Hz) and high pass filter with cut off frequency of
0.3Hz (Reyes-Ortiz et al., 2016), Kalman filter (Chen and
Shen, 2017), Butterworth low pass filter (cut off frequency
of 20 Hz) and Butterworth low pass filter (cut off frequency
of 0.3Hz) (Hassan et al., 2018), Butterworth low pass filter
(Gani et al., 2019), 2nd order low pass Butterworth filter
(cut off frequency of 6Hz) (Hussain et al., 2019). It is also
evident that sometimes filtering eliminates the required
information therefore filtering may not always be required
(Reyes-Ortiz et al., 2016).

Figure 4 Conventional method for AR (see online version for
colours)
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3.2 Data segmentation

The time duration of performed activity is larger than the
sampling rate of sensors. Therefore, the sample extracted
from sensors at a particular time cannot be able to represent
a particular activity so that the extracted samples are
segmented into different groups of the same length and
sometimes in different lengths. This group of samples is
known as the window and the samples contained in this
window are more suitable for estimating an activity rather
than the sample at any instant. Data segmentation is a
process where the incoming data stream is partitioned into
packets of samples by which activity can be recognised in a
more sophisticated way (Triboan et al., 2019). The different
methods for data segmentation have been used previously
and most of them are divided into three parts, event-related,
action-related and sliding window type. Separation of
samples is carried out on the basis of events in event related
window technique and in the same way action defines the
window length in action related windowing. In the sliding
window, the data streams are segmented into fixed length
with overlapping and sometimes with no overlapping. The
overlapping is required to retain the edge information in the
corners of each window. The window size or length is an
important factor in AR and its impact on classification
performance was studied in Nurwulan and Jiang (2020).
The segmentation of data obtained from basic repetitive
activities like jogging, walking, sitting, and standing
requires a small window size. The CA like eating, drinking,
talking with someone, etc., cannot be estimated with a small
size window due to their rare occurrence compared to BA

(Shoaib et al., 2016). The window size of 0.08 to 30 sec has
been widely used in past (Berchtold et al., 2010; Murao and
Terada, 2014; Zhang and Sawchuk, 2012a; Chavarriaga et
al., 2013; Suto et al., 2016; Laudanski et al., 2015; Hassan
et al., 2018; Chernbumroong et al., 2014; Wang et al., 2013;
Machado et al., 2015; Bao and Intille, 2004; Guo et al.,
2012; Kalantarian et al., 2015; Catal et al., 2015; Wang et
al., 2019a; Liu et al., 2011). The overlapping percentage of
sliding window and size are also described in table 2 and it
is evident that 50% overlapping is widely used.

4 Feature extraction

Features are useful information about the sensor’s data
within the defined length of window and the input to the
machine learning algorithms. There are two feature
extraction methods; the first is manually extracted by
domain expertise (Morales and Akopian, 2017) and the
other is automatically extracted by deep learning
frameworks (Ronao and Cho, 2016). The manually
extracted features are those which are extracted on the basis
of human expertise in that application of interest. These
features are extracted from the samples of a particular
window in both the domain time and frequency. Those
features that contain unique information about different
activities and can differentiate them are considered useful or
good features such as standard deviation variance, mean,
and fundamental frequency (Hassan et al., 2018; Suto et al.,
2016). Manually extracted features have gained much
attention in AR (Hassan et al., 2018; Li et al., 2009). The
low processing time and less computation requirement for
extraction of these features make them capable of designing
lightweight ubiquitous systems for AR (Morales and
Akopian, 2017).

Nowadays, deep learning frameworks have been widely
explored in AR for automatic feature extraction and
classification (Hammerla et al., 2015; Sani et al., 2017a).
The advantage of in-depth features is that they are
automatically extracted by defined layers and do not require
expert domain knowledge.

4.1 Manually extracted features

The raw time series data contains many samples for a
concerning activity, but the reading of a sample at a
particular time instant does not carry sufficient information
to represent that activity. In the same way, the samples of
different windows consist of different samples for the same
activity. Therefore, some valuable and quantitative sets of
variables are required to differentiate the different activities
and that sets of variables are called as manually extracted
features. A vast range of manually extracted features has
been investigated to enhance the performance of AR
architectures (Attal et al., 2015; Wang et al., 2016; Wang et
al.,, 2019a; Wu et al., 2012). Broadly these features are
divided into time and frequency space.
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4.1.1 Time domain features

These features are calculated directly from sensor data
inside a window and provide statistical information about
the signal. Extracting these features requires a clear
understanding of the quantitative information and related
data statistics for concerned activities in a way that how and
which sets of time-domain statistics are effective for better
discrimination between different activities. For example, the
signal magnitude area (SMA), the sum of acceleration in all
the axes, provides useful information to discriminate
activities like sitting and walking (Machado et al., 2015).
SMA and other features are found effective in enhancing
recognition performance (Hassan et al, 2018). The
activities like staircase, walking and standing have been
recognised effectively with standard deviation in Laudanski
et al. (2015). Some of the widely applied features in time
domain are peak to peak (Machado et al., 2015; Zheng et
al., 2013), autoregressive coefficient (Hassan et al., 2018),
skewness (Zhang and Sawchuk, 2011; Janidarmian et al.,
2017), root mean square (RMS) (Maurer et al., 2006;
Shoaib et al., 2014; Altun and Barshan, 2010; Zhuang et al.,
2019), variance (Ahmed et al., 2019, 2020), mean (Xie
et al., 2018; Attal et al., 2015; Reyes-Ortiz et al., 2016),
median (Ahmed et al., 2020; Attal et al., 2015; Sztyler and
Stuckenschmidt, 2016) and so on.

4.1.2 Frequency domain features

The periodicity of obtained signal in a window is described
by the features in frequency domain. Firstly, the segmented
data in a particular window is transformed with different
frequency transformation methods such as discrete wavelet
transform (DWT) sometimes it is also called as discrete
cosine transform (DCT), fast Fourier transform (FFT). The
coefficients of FFT are useful for evaluating the magnitude
of frequency components and signal energy distribution.
Power spectral density (PSD) is the most important feature
in the frequency domain and is widely used for AR. PSD
has been extracted in Attal et al. (2015) to recognise
dynamic activities like driving, cycling and walking. The
corresponding frequency of PSD is known as peak
frequency which is used in several studies (Figo et al., 2010;
Nham et al.,, 2008; Moncada-Torres et al., 2014). The
different activities of the same PSD have been discriminated
with the help of entropy in Bao and Intille (2004),
Moncada-Torres et al. (2014), Reyes-Ortiz et al. (2016) and
Suto et al. (2017). Some other widely used frequency
domain features for AR are DC component (Attal et al.,
2015; Sztyler et al., 2017), peak power (Ermes et al., 2008;
Zebin et al., 2016; Zeng et al.,, 2014), spectral-energy
(Suto et al., 2016; Sztyler et al., 2017), spectral-centroid
(Leutheuser et al., 2013), FFT-coefficients (Dixon-Warren,
2010; Wu et al., 2012) and so on.

5 Dimension reduction and feature selection

Manually extracted features in time, frequency and hybrid
domains are large in size and contain redundant
information. More features can be helpful for enhancing the
classification performance, but at the same time, when
information becomes large the system becomes slow,
computationally inefficient and overfitted. Therefore, to
reduce these shortcomings some methods are required for
selecting the subset of features from the original set and
these techniques are called as feature selection techniques.
In another way, when the features are reconstructed in low
dimensions from the original high dimensions, these
methods are called dimension reduction techniques.

Several dimension reduction techniques have been
applied for AR in the recent past such as principal
component analysis (PCA) (Suto et al., 2017; Hussain et al.,
2019), linear discriminant analysis (LDA) (Wan et al.,
2015), independent component analysis (ICA) (Attal et al.,
2015), Kernel PCA (KPCA) (Hassan et al., 2018), Kernel
LDA (KLDA) (Scholkopf et al., 1998), Autoencoder
(Wang, 2016), sparse filtering (Ngiam et al., 2011) and so
on. The PCA is most frequently used method for dimension
reduction where linear transformation of original features is
carried out to remap them into low dimension space
according to variance (high to low). KPCA transformed the
input features into a large dimension space by nonlinear
transformation with kernel function and then dimension
reduced by PCA (Wu et al., 2007). LDA is another linear
transformation method where inter-class variability is
maximised and intra-class separability minimised to
transform the original high dimension features into low
dimension features. Its nonlinear version is KLDA (Wang et
al., 2019). The lower dimension representation is carried out
by the autoencoder by reducing the error (mean square
error) between input and output (Van Der Maaten et al.,
2009). The performance of dimension reduction techniques
like Fisher discriminant analysis (FDA), Kernel FDA
(KFDA) and PCA were analysed in Tian et al. (2019).

Feature selection is different rather than feature
reduction because in feature reduction, the features are
reconstrued in a low dimension space from the original
features and in the case of feature selection some valuable
features are selected from the original feature set. These
features are selected according to the domain knowledge
and can discriminate the different classes efficiently. The
effective feature selection technique can enhance the
classification performance with low computational cost and
faster response. Various feature selection methods have
been utilised for AR in previous past studies and broadly,
these methods are divided into three parts, filter, wrapper
and embedded method.

In filter-based methods, some redundant features are
thrown out by the relationship between input and output on
the basis of statistical information, uniformity, similarity,
correlation and distance (Dessi and Pes, 2015; Gheid and
Challal, 2016). Some of the filter-based methods have been
extensively explored in AR such as Mutual Information
(MI) based (Cang and Yu, 2012), conditional mutual
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information maximum (CMIM) (Gao et al., 2016), double
input symmetrical relevance (DISR) (Meyer and Bontempi,
2006), canonical correlation analysis (CCA) (Kaya et al.,
2014), joint mutual information (JMI) (Bennasar et al.,
2015), relief (Gupta and Dallas, 2014), sequential forward
floating search (SFFS) (Ahmed et al., 2020) and so on.

In a wrapper-based method, the feature subset is
selected on the basis of the predicted accuracy of a
predefined classifier and the process is continued until any
addition of a feature gives an accuracy less than the
accuracy obtained from the preselected feature set. The
wrapper-based method gives a better feature subset
compared to filter method but overfitting is occurred due to
the involvement of the classifier (Chong et al., 2021). In a
wrapper-based method, the involvement of the classifier
frequently occurs due to the inclusion of a new feature
subset, so these methods are computationally expensive and
time-consuming (Guyon and Elisseeff, 2003). Some of the
researchers (Amezzane et al., 2017) have studied the impact
of wrapper-based methods in different studies (Amezzane
et al., 2017; Chen et al., 2020c; Bashar et al., 2020).

Embedded methods are based on the integration of filter
and wrapper methods according to their merits (Li et al.,
2017). The frequently used embedded methods are Ridge
regression (Liu et al., 2015) and Lasso (Li et al., 2017).

The feature selection is used widely for the application
of AR and readers can refer those for better understanding
such as Gupta and Dallas (2014), Capela et al. (2015),
Ahmed et al. (2020), Chong et al. (2021), Wang et al.
(2016), Chetty et al. (2015), Chen et al. (2020a, 2020c), Fan
et al. (2019), Amezzane et al. (2017), Bashar et al. (2020),
Nweke et al. (2019), Zhang and Sawchuk (2011) and Helmi
et al. (2021).

6 Traditional classification algorithms

In the classification phase, the features extracted from raw
sensor data are mapped to different activity labels.
Supervised and unsupervised learning are two approaches
under traditional machine learning algorithms. The large
labelled data is required for supervised learning and
unsupervised learning works on unlabelled data. The model
building is performed by training data and test data is used
for validating the model in supervised learning. Supervised
learning has been widely explored and proved efficient in
many cases for AR. Some of the algorithms due to their
performance has attracted more researchers in machine
learning such as Multilayer Perceptron (MLP) (Bayat et al.,
2014; Azmi and Sulaiman, 2017; Subasi et al., 2020),
random forest (RF) (Pavey et al., 2017; Dang, 2017,
Mehrang et al., 2018; Shoaib et al., 2017), support vector
machine (SVM) (Mehrang et al., 2017; Davila et al., 2017
Mannini et al., 2013; Cleland et al., 2013; Ouchi and Doi,

2013), Naive Bayes (NB) (Mortazavi et al., 2014; Azmi and
Sulaiman, 2017; Yazdansepas et al., 2016; Subasi et al,,
2020), k-Nearest Neighbour (kNN) (Adaskevicius, 2014;
Sani et al., 2017bl Kaghyan and Sarukhanyan, 2012; Liu
et al., 2021; Ignatov and Strijov, 2016), artificial neural
network (ANN) (Khan et al., 2014; Rustam et al., 2020;
Bangaru et al., 2021; Suto and Oniga, 2018), decision trees
(DT) (De Leonardis et al., 2018; Lu et al., 2020; Nweke
et al., 2018b; Wang et al., 2020), etc.

Artificial Hydrocarbon Network was proposed in Ponce
et al. (2016) for recognition of physical activities and found
immune to noisy and corrupt data. The voting rule-based
ensemble learning algorithms were proposed in Nguyen
et al. (2019), where several machine learning algorithms
were used as the base learner for AR. It is evident that
majority vote-based ensemble classifiers trained on
randomly selected feature sets from the original feature set
performed better than a single classifier (Subasi et al.,
2018). The different machine learning algorithms such as
DT, NB, kNN, SVM and Feedforward Neural Network
were analysed on a reduced feature set and found that k-NN
and DT performed well in De Leonardis et al. (2018)

There is no doubt that traditional supervised algorithms
mentioned above proved very efficient in terms of accuracy
but are not very efficient in terms of computational cost.

Unsupervised learning is another branch of traditional
machine learning algorithms where labelled data does not
require. It is difficult to acquire a large amount of labelled
data, so unsupervised learning is helpful in the case of
unlabelled input data. The most frequently and extensively
used unsupervised learning approaches are cluster-based,
where the hidden data patterns are identified and divided
into clusters based on probabilistic and Euclidian distance,
each cluster representing a particular class. The popular
unsupervised learning algorithms are Hidden Markov
Models (HMM) (Uslu et al., 2013; Cheng et al., 2017),
Gaussian Mixture Model (GMM) (Kwon et al., 2014; Attal
et al., 2015), k-Means (Kwon et al., 2014; Attal et al,,
2015), etc.

Many challenges have been faced by conventional
machine learning algorithms. These algorithms are basically
based on data-driven modelling and require large labelled
sensor data. Hand-crafted feature extraction is very tedious
and complex task and also requires expert domain
knowledge. These algorithms are application specific and
do not perform well on new sensor data of the same task.
Incremental learning cannot be successfully applied on
these algorithms. To overcome these challenges nowadays,
deep learning is widely accepted due to their automatic
feature extraction and classification capability. Table 2
summarises a detailed information on some previous
research in the conventional approach of AR.
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Table 2 Summary of some research articles based on traditional methods
Sampling .
Ref. Sensors frequency Segmentqtzon Extracted features Classifier N(.)' .O‘.f
(Hz) (windowing) activities
Kwapisz Accelerometer 20 200 samples Average, standard deviation,  Decision Tree (DT) 6 (basic
etal. (2011) (smartphone) (10 sec) Average and absolute (J48), Multi-layer activities)
difference, Average resultant  perceptron (MLP) and
acceleration, Time between logistic regression (LR)
peaks, Binned distribution
Nam and Accelerometer 95 256 samples with  Time domain: mean, standard Naive Bayes, Bayes Net 11 (basic
Park (2013)  and barometric 128 samples deviation and slope (BN), K-Nearest child
pressure sensor overlapping (50%)  Frequency domain: Energy, Neighbour (k-NN), DT,  activities)
corelation coefficient and J48, MPL,LR
differential pressure
Barshan and  Accelerometer, 25 125 samples Minimum, Maximum, mean,  ANNSs, NB, 19 (basic
Yiiksek Gyroscope and (5 sec) variance, skewness, kurtosis,  dissimilarity based, +complex
(2013) magnetometer autocorrelation sequence and  three types of DTs, activities)
peak of DFT GMM, SVM
Hu et al. Accelerometer 100 256 samples Ist, 2nd and 3rd quartile, Constrained 6 (basic
(2014) and gyroscope (2.56 sec) mean, standard deviation, optimisation based activities)
energy, mean crossing rate, extreme learning
spectral peak position, machine (COELM), add
spectrum peak value and 4 bias, b = 0 constrained
PSD statistical features optimisation extreme
learning machine (b-
COELM), 1-versus rest
proximal support vector
machine (PrSVM),
Balanced and refined 1-
versus rest proximal
support machine (BR-
PSVM)
Adaskevicius  Accelerometer 20 100 samples (5  Average, standard deviation, ~K-NN 6 (walking
(2014) sec) maximum, minimum, and
frequency domain entropy, exercising
dominant frequency and )
average resultant acceleration
(ARA)
Kwonetal.  Accelerometer 50 64 samples with ~ Average and standard K-means, GMM, 5 (basic
(2014) and gyroscope 50% overlap deviation in both the domain ~ Average linking activities)
(smartphone) time domain as well as in Hierarchical
frequency domain Agglomerative
Clustering (HIER)
Bayat et al. Accelerometer 100 128 samples Average peak occurrence in MLP, SVM, RF, simple 6 (basic
(2014) (smartphone) (1.28 sec) with  each window (APF), Variance logistic, logit boost activities)
50% overlap of APF, root mean square,
standard deviation, minimum,
maximum and corelation
between different axes.
Gupta and Accelerometer 126 6 sec with 50%  Spectral energy, spectral Naive Bayes and K-NN 6 (basic
Dallas overlap entropy, mean, variance, activities)
(2014) mean trend, windowed mean

difference, variance trend,
windowed variance
difference, Detrended
fluctuation analysis
coefficients, X-2 energy
uncorrelated (spectral),
maximum difference
acceleration
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Table 2

Summary of some research articles based on traditional methods (continued)

Ref.

Sampling
frequency

Sensors
(Hz)

Segmentation
(windowing)

Extracted features

Classifier

No. of
activities

Kalantarian
et al. (2015)

Machado
et al. (2015)

Attal et al.
(2015)

Shoaib et al.
(2016)

Wang et al.
(2016)

Chen and
Shen (2017)

Piezoelectric 20
sensor and
accelerometer

Accelerometer 800

Accelerometer, 25
gyroscope and
magnetometer

Accelerometer 50
and gyroscope
(smartphone)

Accelerometer 50
and
(smartphone)

Accelerometer, 20
gyroscope and
magnetometer

20 samples (1 sec)
with maximum
overlap

Minimum = 1,000
samples
Maximum = 4,000
samples

25 samples (1 sec)
with 80 % overlap

2 to 30 sec with no
overlap

2.56 sec with 50%
overlap

1 sec with 50%
overlap

Harmonic mean, geometric
mean, standard deviation,
kurtosis, skewness, mean
absolute deviation

Naive bayes

Statistical domain: kurtosis,
skewness, mean, standard

histogram, root mean square,
median absolute deviation
Temporal: zero crossing rate,
pairwise correlation,
autocorrelation

Spectral: maximum
frequency, median frequency,
cepstral coefficient, power
spectrum, mel-frequency
cepstral coefficients,
fundamental frequency, power
bandwidth

Time domain: Mean,
range, skewness, kurtosis,

root mean square, zero-
crossing peak to peak etc.

(RF), SVM

Frequency domain: DC
component in FFT spectrum,
energy spectrum, entropy
spectrum, sum of wavelets
coefficients, square sum of
wavelet coefficients and
energy of wavelet
coefficients.

Mean, standard deviation,
minimum, maximum, semi
quartile, sum of 10 FFT
coefficients

Time domain: Mean, standard NB, K-NN
deviation, maximum,

minimum, median absolute

deviation, signal magnitude

area, energy measures, signal

entropy, interquartile range,

autoregression coefficients

etc.

Frequency domain: maximum
magnitude, weighted average
of frequency components,
skewness, kurtosis, energy,
entropy etc.

Mean, standard deviation,
maximum, minimum,
correlation, interquartile
range, dynamic time warping
distance, FFT coefficients,
wavelet energy.

Clustering method: k-
means, affinity
deviation, interquartile range, propagation, mean shift
and spectral clustering

Supervised learning: K-
variance, median, interquartile NN, Random Forest

Unsupervised learning:
Gaussian Mixture

Model (GMM), Hidden
Markov Model (HMM)

NB, K-NN, DT

K-NN, RF, SVM

4
(swallow,
walking
and head

movement)

7 (basic
activities)

12 (basic
activities)

13 (basic
complex
activities)

6 (basic
activities)

5 (basic
activities)
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Table 2 Summary of some research articles based on traditional methods (continued)
Sampling .
Ref. Sensors frequency Segmentation Extracted features Classifier N(.)' .O‘.f
activities
(H2)
Luetal. Accelerometer 30 Predefined with ~ Mean, standard deviation, Molecular complex 3 (basic
(2017) (smartphone) variance, skewness, kurtosis,  detection (MCODE) activities)
correlation, signal magnitude  (unsupervised
area clustering mechanism)

Hassan etal.  Accelerometer 50 2.56 sec with 50% Mean, standard deviation, Artificial Neural 12 (basic
(2018) and gyroscope mean absolute deviation, Network (ANN), SVM,  activities)
(smartphone) maximum, minimum, Deep Belief Network

frequency skewness, (DBN)
maximum, frequency, average
entropy, signal magnitude
area, interquartile range,
autoregression coefficient,
spectral energy
Table 3 Overview of advancement in human AR using deep learning
Ref. Model Activities Numl?er of Sensor modality Perf ormance
subjects evaluation
Tong et al. (2022) Bi-GRU-Inception- Command actions of 12 Wearable inertial Accuracy,
traffic police Sensor units precision, recall, F1
score,
Tang et al. (2022) Triplet cross dimension Walking, going 10 Smartphone (iPhone F1 score
attention downstairs, going 7)
upstairs, jumping and
jogging
Gupta (2021) Hybrid deep learning Eating pasta, eating a 51 Smartphone Precision, F1 score,
model CNN-GRU sandwich, folding clothes, recall and overall
brushing teeth, walking, accuracy
standing, kicking,
clapping etc.
Zhang et al. (2021) Spatiotemporal multi- Handclap, running, 10 Smart wearable wrist F1 score and
feature extraction with sitting, walking, waving, band accuracy
space and channel-based punching and slapping
squeeze and excitation
blocks (ScbSE-SMFE)
Kim and Cho (2020) LSTM Construction worker’s 3 Wearable motion Accuracy
activities sensors
Bi et al. (2020) OcalDAL (dynamic active Walking forward, 14 Wearable sensors Classification
learning framework) sleeping, walking accuracy
upstairs, walking
downstairs, etc.
Gholamiangonabadi CNN with Leave One Sitting and relaxing, lying 10 Wearable sensors Accuracy
et al. (2020) Subject Out cross- down, walking, etc.
validation (LOSOCYV)
Gjoreski et al. Complex feature Locomotive activities 3 Smartphone sensors Accuracy
(2020) extraction and selection,  (still, walk, run, bike, car,
methods, and deep bus, train, subway)
multi-model Spectro-
temporal fusion.
Lawal and Bano Training of CNN with Climbing up, climbing 15 Wearable sensor,  F1 score, precision,
(2020) frequency domain images  down, jumping, running, accelerometer, and recall
of time series data walking gyroscope
Mukherjee (2020) EnsemConvNet Walking, Running, 36 Wearable sensor data Accuracy,

(CNN-Net+ Encoded —
Net + CNN-LSTM)

sitting, upstairs,
downstairs

precision, recall,

F1-score
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Table 3 Overview of advancement in human AR using deep learning (continued)

Ref. Model Activities Numl?er of Sensor modality Performqnce

subjects evaluation

Zhou et al. (2020) LSTM and auto labelling ~ Climbing down, climbing 30 Wearable sensors  Precision, F1 score,

scheme based on Deep Q up, jumping, sitting, Recall
Network standing, cycling,
walking, jogging
Uddin et al. (2019) Deep recurrent neural Sitting, sitting down, 10 Wearable sensors  Precision, F1 score,
network (RNN) for standing, standing up, (accelerometer, recall, F1 score,
behaviour recognition walking magnetometer, support
with body sensors electrocardiography)
Bianchi et al. (2019) CNN Walking, standing, sitting 15 Wearable sensors Accuracy
down, stay seated, (accelerometer,
standing up, etc. gyroscope,
magnetometer)

Chen et al. (2019) Semis-supervised Sitting, standing, walking, 8 Wearable sensors Classification

recurrent neural network ascending stairs, accuracy
descending stairs

Gumaei et al. (2019) Hybrid deep learning Standing still, sitting and 10 Wearable sensors Accuracy,

model Simple recurrent walking, lying down, precision, recall, F1
unit (SRU) with Gated walking, climbing, etc. score.
recurrent unit (GRU)

Kulchyk and Etemad CNN Sitting, sitting down, 4 Wearable Accuracy,

(2019) standing, standing up, accelerometer unit  precision, recall, F1

walking score

Lvetal. (2019) Hybridisation of Having dinner, doing 9 Wearable sensor Recognition

convolutional neural exercise, queuing, (accelerometer and accuracy
network and recurrent shopping, watching gyroscope)
neural network movies.
(HconvRNN)
Mohamad et al. Conditional restricted Stand, walk, lie, sit 3 Wearable sensors Average accuracy,
(2020) Boltzmann machine average class
(CRBMC) + Bayesian accuracy
stream-based active
learning (BSAL)+
semi-supervised classifier
(0SC)
Zhu et al. (2019b) Novel ensemble model of Going upstairs, going 100 Smartphone sensor Classification
CNN downstairs, standing, accuracy
running, walking,
bicycling, swinging

Hossain et al. (2019) CNN Speaking, eating, head - Wearable sensors accuracy

shaking, head nodding (earable)

Youssefet al. (2020) K nearest neighbours —  Walking, jogging, sitting, 10 Wearable sensors Recall, precision,
least square support vector  standing, walk-up, walk- (accelerometer) F1 score
machine (KNN-LS-SVM) down

Zhu et al. (2019a) Semi-supervised learning Walking, walking 30 Wearable sensors Accuracy

temporal ensembling of ~ upstairs, walking down-
Deep Long Short-Term stairs, sitting, standing,
Memory (DLSTM) lying down
He et al. (2018) Recurrent attention Go upstairs, go 10 Tri axial Accuracy and
learning downstairs, jumping and accelerometer efficiency
jogging (iPhone)
Kim et al. (2018) Deep gesture algorithm, Arm gestures 10 Wearable sensors Accuracy and F1
deep convolutional and (accelerometer and score
recurrent neural network gyroscope)

Li and Trocan Multi-layer sparse Sitting, standing, walking, 30 Smartphone sensors ~ Recall, precision

(2019) autoencoder for feature
extraction and SoftMax

for classification

running
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Table 3 Overview of advancement in human AR using deep learning (continued)
Ref. Model Activities Numl?er of Sensor modality Performqnce
subjects evaluation
Xu et al. (2018) Combination of Inception Lie, sit, stand, run, 12 Wearable sensors F1 score
Neural Network and cycling, vacuum cleaning,
Recurrent Neural Network — drive the car, play soccer
(InnoHAR) etc.

Xietal. (2018) Dilated convolutional Walking, running, 9 Wearable sensors ~ Weighted F1 score,

neural network with novel cycling, spinning, precision, recall.

recurrent model drinking etc.
Uddin and Hassan Gaussian kernel-based jump front and back, 10 Wearable sensors Average accuracy
(2019) PCA, Z score running, jogging, cycling, (accelerometer,
Normalisation and deep knees bending, frontal gyroscope,

convolutional neural

evaluation of arms etc.

magnetometer, ECG)

network
Hassan et al. (2018) Kernel principal Standing, sitting, walking, 30 Smartphone inertial ~ Mean recognition
component analysis talking sensors rate
(KPCA) and Deep Belief (accelerometer and
Network (DBN gyroscope)
Miinzner et al. CNN-base sensor fusion ~ Walking, stair climbing, 31 Wearable sensor F1 score
(2017) techniques cutting vegetables, nodes(tri axial
writing a latter accelerometer and
gyroscope)
Sheng et al. (2016) CNN 13 short time activities 20 Wearable sensors (tri  Accuracy and time
like stand, sit, lay, walk axial accelerometer
forward, walk left circle, and bi axial
walk right circle etc. gyroscope)
Chen and Xue CNN Jumping, walking 100 Smartphone (tri-axial Accuracy
(2015) upstairs, walking quickly, accelerometer)

falling running, step

walking etc..

7 Deep learning approaches for AR

Deep learning, another branch of machine learning, has
been widely accepted due to its outstanding performance in
various fields like natural language processing, computer
vision, face recognition, human AR, etc. The familiar deep
learning algorithms for AR are long short-term memory
(LSTM) (Barut et al.,, 2020; Boultache et al., 2022),
convolutional neural networks (CNNs) (Tang et al., 2020)
and recurrent neural networks (RNNs) (Javed et al., 2021).
The multi-tasking deep model (AROMA) was designed for
recognition of basic and CA in Peng et al. (2018) where
CNN was used for complex and LSTM for BA. Smartphone
based AR was designed where various features were
extracted and processed with KPCA and LDA for AR with
deep belief network (DBN) in Mehedi et al. (2018). It is
difficult to acquire a strictly labelled data due to human
interventions in data labelling therefore most of the acquired
data are weakly labelled. An attention mechanism based
CNN architecture was proposed to classify the weakly
labelled data for AR (Wang et al., 2019b). The deep
learning methods are well known for their capability of
temporal and spatial feature extraction but these methods
are not suitable for statistical features. A framework known
as distribution-embedded neural network was proposed for
extraction of statistical, temporal and spatial features in
Qian et al. (2019). A lot of computation is required for deep
learning models therefore it is difficult to use them for real

time application through edge devices. A low weight and
computationally efficient deep learning model was proposed
in Agarwal and Alam (2019) for the deployment in edge
devices It is seen that each feature layer in automatic feature
extraction through deep learning methods use a same kernel
size for receptive field but adaptable kernel size is possible
according to data structure. The attention mechanism for
selection of kernel size to obtain a different receptive field
was proposed in Gao et al. (2021a) for AR The deep
learning models based on CNN follows the short term
temporal dependencies but to retain the long term temporal
dependencies are also required for obtaining the more
relevant deep features therefore some hybrid approaches by
combining CNN and RNN have been proposed
in Abbaspour et al. (2020) such as multibranch
CNN-Bidirectional LSTM  (BIiLSTM), CNN-LSTM,
CNN-Gated Recurrent Unit (GRU), CNN-Bidirectional
GRU (BiGRU).The various other approaches and their
descriptions are given in Table 3.

8 Discussion

A good amount of dataset with good quality is required for
an accurate assessment of physical or daily living activities
and this review indicates this. It means that the data-taking
methods should be well defined and must have some
credibility. Pre-processing of the available data is seen as
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removing unnecessary information for a particular
application to enhance the assessment’s accuracy. The
selection of the feature extraction procedure is the most
responsible step for the classification accuracy of human
activities. Different classifiers provide different accuracy for
different features, some are good for a particular activity,
but others one is not. So, finding the corresponding
classifier for the relevant features is required. The number
of sensors and sensor locations are also important aspects of
AR. A large number of sensor placements can improve the
accuracy but it is difficult to wear while performing
different activities.

Three-dimensional accelerometers, gyroscopes, and
magnetometers can provide more information about
physical activities than their one-dimensional counterparts.
One or two sensor placements are sufficient for qualitative
assessment if their placement location and feature extraction
method are effective such as the hip position of the sensor
giving good results. The revolution in machine learning
such as deep learning algorithms can predict more accurate
results with the low amount of information by which
energy-efficient modelling could be done. Physical activity
is shown as the classification problem in most cases.

9 Conclusions

It is observed that the accurate assessment of physical
activity is required for various applications such as
assistance in medical, intrusion detection, behavioural
recognition, security issues, etc. This is also observed true
that till now, a good amount of research has been conducted
but there are also some areas where a lot of work is still
required for improvement such as modifications in methods
for feature extraction and searching the best classifier for
corresponding features. Newly-developed feature extraction
methods are considered as an area where researchers can
add their efforts because classification accuracy largely
depends on it. Publicly available datasets have various
information in the form of rows and columns but it also
consists of information that is not useful for a desired
application. Finding undesirable information and removing
that in pre-processing step can affect the accuracy of the
assessment. So, in this regard, a new pre-processing method
or searching redundant information and removal of it could
be able to evaluate a more accurate assessment. How we can
get an accurate assessment with less information on the
input side would be a decisive factor regarding energy-
efficient modelling, deep learning algorithms open the gate
for it.

To set up an own dataset is a complex task and requires
various types of resources such as the population of
different age groups, keen observation, protocol set up,
technical assistance, etc. there is a good contribution of
universities and research projects in the development of
some standard and quality datasets, and their availability in
public domain gives more help in research for physical
activity assessment. It is also noted that a smaller number of
sensor placements in the subject’s body gives more relevant

information due to the comfort in movement. But complex
nature of activities could not be detected with a smaller
number of sensors. So, the quantity of sensors depends on
selected activities. The most of the research in AR have
been carried out by taking the publicly available dataset
such as SBHAR (Chen et al., 2020b), UniMiB SHAR
(Micucci et al., 2017), REALDISP (Aljarrah and Ali, 2021),
USC-HAD (Zhang and Sawchuk, 2012b), UCI-HAR (Tang
et al., 2020) OPPORTUNITY (Tang et al., 2020), PAMAP2
(Khan et al., 2016), WISDM (Ignatov, 2018), mHealth
(Kumar and Suresh, 2022), FSP (Zdravevski et al., 2017),
DaLiAc (Zdravevski et al., 2017) and so on.

References

Abbaspour, S., Fotouhi, F., Sedaghatbaf, A., Fotouhi, H., Vahabi,
M. and Linden, M. (2020) ‘A comparative analysis of hybrid
deep learning models for human activity recognition’,
Sensors, Vol. 20, No. 19, pp.1-14, Switzerland, doi:
10.3390/520195707.

Abhayasinghe, N. and Murray, I. (2014) ‘Human activity
recognition using thigh angle derived from single thigh
mounted IMU data’, IPIN 2014 - 2014 Int. Conf.
Indoor Position. Indoor Navig., October, pp.111-115, doi:
10.1109/1PIN.2014.7275474.

Adaskevicius, R. (2014) ‘Method for recognition of the physical
activity of human being using a wearable accelerometer’,
Elektron. ir Elektrotechnika, Vol. 20, No. 5, pp.127-131.

Agarwal, P. and Alam, M. (2019) ‘A lightweight deep learning
model for human activity recognition on edge devices’,
Procedia Comput. Sci., Vol. 167, pp.2364-2373, doi:
10.1016/j.procs.2020.03.289.

Ahmed, M., Das Antar, A. and Ahad, M.A.R. (2019) ‘An approach
to classify human activities in real-time from smartphone
sensor data’, 2019 Jt. 8th Int. Conf. Informatics, Electron.
Vision, ICIEV 2019 3rd Int. Conf. Imaging, Vis. Pattern
Recognition, icIVPR 2019 with Int. Conf. Act. Behav.
Comput.  ABC 2019, pp.140-145, doi:  10.1109
/ICIEV.2019.8858582.

Ahmed, N., Rafiq, J.I. and Islam, M.R. (2020) ‘Enhanced human
activity recognition based on smartphone sensor data using
hybrid feature selection model’, Sensors, Vol. 20, No. 1,
p-317, Switzerland, doi: 10.3390/s20010317.

Aljarrah, A.A. and Ali, A.H. (2021) ‘Human activity recognition
by deep convolution neural networks and principal
component analysis’, in Further Advances in Internet of
Things in Biomedical and Cyber Physical Systems, pp.111—
133, Springer.

Altini, M., Penders, J., Vullers, R. and Amft, O. (2015)
‘Estimating  energy  expenditure  using  body-worn
accelerometers: a comparison of methods, sensors number
and positioning’, I[EEE J. Biomed. Heal. Informatics, Vol. 19,
No. 1, pp.219-226, doi: 10.1109/JBHI.2014.2313039.

Altun, K. and Barshan, B. (2010) “Human activity recognition
using inertial/magnetic sensor units’, Lect. Notes Comput. Sci.
(including Subser. Lect. Notes Artif. Intell. Lect. Notes
Bioinformatics), Vol. 6219 LNCS, pp.38-51, doi:
10.1007/978-3-642-14715-9_5.



Artificial intelligence in human activity recognition: a review 15

Amezzane, 1., Fakhri, Y., El Aroussi, M. and Bakhouya, M. (2017)
‘Analysis and effect of feature selection over smartphone-
based dataset for human activity recognition’, in International
Conference on Emerging Technologies for Developing
Countries, pp.214-219.

Anguita, D., Ghio, A., Oneto, L., Parra, X. and Reyes-Ortiz, J.L.
(2013)  ‘Energy efficient smartphone-based activity
recognition using fixed-point arithmetic’, J. Univers. Comput.
Sci., Vol. 19, No. 9, pp.1295-1314.

Atallah, L. et al. (2007) ‘Behaviour profiling with ambient and
wearable sensing’, in 4th International Workshop on
Wearable and Implantable Body Sensor Networks (BSN
2007), pp.133-138.

Atallah, L., Lo, B., Ali, R., King, R. and Yang, G.Z. (2009)
‘Real-time activity classification using ambient and wearable
sensors’, IEEE Trans. Inf. Technol. Biomed., Vol. 13, No. 6,
pp-1031-1039, doi: 10.1109/TITB.2009.2028575.

Atallah, L., Lo, B., King, R. and Yang, G.Z. (2011) ‘Sensor
positioning for activity recognition using wearable
accelerometers’, I[EEE Trans. Biomed. Circuits Syst., Vol. 5,
No. 4, pp.320-329, doi: 10.1109/TBCAS.2011.2160540.

Attal, F., Mohammed, S., Dedabrishvili, M., Chamroukhi, F.,
Oukhellou, L. and Amirat, Y. (2015) ‘Physical human activity
recognition using wearable sensors’, Sensors, Vol. 15, No. 12,
pp-31314-31338, Switzerland, doi: 10.3390/s151229858.

Aziz, O. and Robinovitch, S.N. (2011) ‘An analysis of the
accuracy of wearable sensors for classifying the causes of
falls in humans’, /[EEE Trans. Neural Syst. Rehabil. Eng.,
Vol. 19, No. 6, pp.670-676, doi: 10.1109/TNSRE
.2011.2162250.

Azmi, M.S.M. and Sulaiman, M.N. (2017) ‘Accelerator-based
human activity recognition using voting technique with
NBTree and MLP classifiers’, Int. J. Adv. Sci. Eng. Inf.
Technol., Vol. 7, No. 1, pp.146-152,  doi:
10.18517/ijaseit.7.1.1790.

Béchlin, M. et al. (2010) ‘Wearable assistant for Parkinsons
disease patients with the freezing of gait symptom’, /EEE
Trans. Inf. Technol. Biomed., Vol. 14, No. 2, pp.436-446,
doi: 10.1109/TITB.2009.2036165.

Bangaru, S.S., Wang, C., Busam, S.A. and Aghazadeh, F. (2021)
‘ANN-based automated scaffold builder activity recognition
through wearable EMG and IMU sensors’, Autom. Constr.,
Vol. 126, No. 6, p.103653.

Banos, O. et al. (2015) ‘Design, implementation and validation of
a novel open framework for agile development of mobile
health applications’, Biomed. Eng. Online, Vol. 14, No. 2,
pp-1-20, doi: 10.1186/1475-925X-14-S2-S6.

Bao, L. and Intille, S.S. (2004) ‘Activity recognition from user-
annotated acceleration data’, in International Conference on
Pervasive Computing, pp.1-17.

Barshan, B. and Yiiksek, M.C. (2013) ‘Recognizing daily and
sports activities in two open source machine learning
environments using body-worn sensor units’, Comput. J., Vol.
57, No. 11, pp.1649-1667, doi: 10.1093/comjnl/bxt075.

Barut, O., Zhou, L. and Luo, Y. (2020) ‘Multitask LSTM model
for human activity recognition and intensity estimation using
wearable sensor data’, /EEE Internet Things J., Vol. 7, No. 9,
pp.8760-8768.

Bashar, S.K., Al Fahim, A. and Chon, K.H. (2020) ‘Smartphone
based human activity recognition with feature selection and
dense neural network’, in 2020 42nd Annual International
Conference of the IEEE Engineering in Medicine & Biology
Society (EMBC), pp.5888-5891.

Bayat, A., Pomplun, M. and Tran, D.A. (2014) ‘A study on human
activity recognition using accelerometer data from
smartphones’, Procedia Comput. Sci., Vol. 34, pp.450—457.

Bennasar, M., Hicks, Y. and Setchi, R. (2015) ‘Feature selection
using joint mutual information maximisation’, Expert Syst.
Appl., Vol. 42, No. 22, pp.8520-8532.

Berchtold, M., Budde, M., Schmidtke, H.R. and Beigl, M. (2010)
‘An extensible modular recognition concept that makes
activity recognition practical’, Lect. Notes Comput. Sci.
(including Subser. Lect. Notes Artif. Intell. Lect. Notes
Bioinformatics), pp.400-409, doi: 10.1007/978-3-642-16111-
7_46.

Bi, H., Perello-Nieto, M., Santos-Rodriguez, R. and Flach, P.
(2020) ‘Human activity recognition based on dynamic active
learning’, IEEE J. Biomed. Heal. Informatics, Vol. 2194,
pp-1-1, doi: 10.1109/jbhi.2020.3013403.

Bianchi, V., Bassoli, M., Lombardo, G., Fornacciari, P.,
Mordonini, M. and De Munari, I. (2019) ‘IoT wearable sensor
and deep learning: an integrated approach for personalized
human activity recognition in a smart home environment’,
IEEE Internet Things J., Vol. 6, No. 5, pp.8553-8562, doi:
10.1109/J10T.2019.2920283.

Boultache, T., Achour, B. and Laghrouche, M. (2022) ‘Human
activity detection from inertial data using RNN and LSTM
network’, Int. J. Sens. Networks, Vol. 39, No. 3, pp.156-161.

Bulling, A., Ward, J.A. and Gellersen, H. (2012) ‘Multimodal
recognition of reading activity in transit using body-worn
sensors’, ACM Trans. Appl. Percept., Vol. 9, No. 1, pp.1-21,
doi: 10.1145/2134203.2134205.

Cang, S. and Yu, H. (2012) ‘Mutual information based input
feature selection for classification problems’, Decis. Support
Syst., Vol. 54, No. 1, pp.691-698.

Capela, N.A., Lemaire, E.D. and Baddour, N. (2015) ‘Feature
selection for wearable smartphone-based human activity
recognition with able bodied, elderly, and stroke patients’,
PLoS One, Vol. 10, No. 4, p.c0124414.

Catal, C., Tufekei, S., Pirmit, E. and Kocabag, G. (2015) ‘On the
use of ensemble of classifiers for accelerometer-based activity
recognition’, Appl. Soft Comput., Vol. 37, No. 12,
pp.1018-1022.

Chavarriaga, R., Bayati, H. and Millan, J.dR. (2013)
‘Unsupervised adaptation for acceleration-based activity
recognition: robustness to sensor displacement and rotation’,
Pers. Ubiquitous Comput., Vol. 17, No. 3, pp.479—490.

Chen, K. et al. (2019) ‘A semisupervised recurrent convolutional
attention model for human activity recognition’, [EEE
Transactions on Neural Networks and Learning Systems, Vol.
31, No. 5, pp.1747-1756-10.

Chen, K.Y. and Bassett, D.R. (2005) ‘The technology of
accelerometry-based activity monitors: current and future’,
Med. Sci. Sports Exerc., Vol. 37, No. 11, doi: 10.1249/
01.mss.0000185571.49104.82.

Chen, L., Fan, S., Kumar, V. and Jia, Y. (2020a) ‘A method of
human activity recognition in transitional period’,
Information, Vol. 11, No. 9, p.416.

Chen, L., Zhang, Y. and Peng, L. (2020b) ‘Metier: a deep multi-
task learning based activity and user recognition model using
wearable sensors’, Proc. ACM Interactive, Mobile, Wearable
Ubiquitous Technol., Vol. 4, No. 1, pp.1-18.

Chen, R-C., Dewi, C., Huang, S-W. and Caraka, R.E. (2020c)
‘Selecting critical features for data classification based on

machine learning methods’, J. Big Data, Vol. 7, No. 1,
pp.1-26.



16 U. Verma et al.

Chen, Y. and Shen, C. (2017) ‘Performance analysis of
smartphone-sensor behavior for human activity recognition’,
IEEE Access, Vol. 5, pp.3095-3110, doi: 10.1109/ACCESS.
2017.2676168.

Chen, Y. and Xue, Y. (2015) ‘A deep learning approach to human
activity recognition based on single accelerometer’, in 2015
IEEE  International Conference on Systems, Man, and
Cybernetics, pp.1488—1492.

Chen, Y.P., Yang, J.Y., Liou, S.N., Lee, G.Y. and Wang, J.S.
(2008) ‘Online classifier construction algorithm for human
activity detection using a tri-axial accelerometer’, Appl. Math.
Comput., Vol. 205, No. 2, pp.849-860, doi:
10.1016/j.amc.2008.05.099.

Cheng, L. Guan, Y., Zhu, K. and Li, Y. (2017) ‘Recognition of
human activities using machine learning methods with
wearable sensors’, in 2017 IEEE 7th Annual Computing and
Communication Workshop and Conference (CCWC), pp.1-7.

Chernbumroong, S., Cang, S. and Yu, H. (2014) ‘A practical
multi-sensor activity recognition system for home-based
care’, Decis. Support Syst., Vol. 66, No. 6, pp.61-70.

Chetty, G., White, M. and Akther, F. (2015) ‘Smart phone based
data mining for human activity recognition’, Procedia
Comput. Sci., Vol. 46, pp.1181-1187.

Chong, J., Tjurin, P., Niemeld, M., Jamsd, T. and Farrahi, V.
(2021) ‘Machine-learning models for activity class prediction:
a comparative study of feature selection and classification
algorithms’, Gait & Posture, Vol. 89, No. 5, pp.45-53.

Chung, S., Lim, J., Noh, K.J.,, Kim, G. and Jeong, H. (2019)
‘Sensor data acquisition and multimodal sensor fusion for
human activity recognition using deep learning’, Sensors,
Vol. 19, No. 7, p.1716, Switzerland, doi: 10.3390/s19071716.

Cichy, R.M., Khosla, A., Pantazis, D., Torralba, A. and Oliva, A.
(2016) ‘Comparison of deep neural networks to
spatio-temporal cortical dynamics of human visual object
recognition reveals hierarchical correspondence’, Sci. Rep.,
January, Vol. 6, pp.1-13, doi: 10.1038/srep27755.

Cleland, I. et al. (2013) ‘Optimal placement of accelerometers for
the detection of everyday activities’, Sensors (Basel), Vol. 13,
No. 7, pp.9183-9200, doi: 10.3390/s130709183.

Cross, R., Altun, K., Barshan, B. and Persson, R.A.X. (2020)
‘Wearable inertial sensor for human activity recognition in
field hockey: influence of sensor combination and sensor
location wearable inertial sensor for human activity
recognition in field hockey: influence of sensor combination
and sensor location’, Journal of Physics: Conference Series,
Vol. 1529, No. 2, p.022015, doi: 10.1088/1742-6596/
1529/2/022015.

D’Angelo, L.T., Neuhaeuser, J., Zhao, Y. and Lueth, T.C. (2014)
‘SIMPLE-use — Sensor set for wearable movement and
interaction research’, [EEE Sens. J., Vol. 14, No. 4,
pp-1207-1215, doi: 10.1109/JSEN.2013.2294351.

Dang, N.L. (2017) ‘Mobile online activity recognition
system-based on smartphone sensors’, J. Intell. Comput.,
Vol. &, No. 1, p.17.

Davila, J.C., Cretu, A-M. and Zaremba, M. (2017) ‘Wearable
sensor data classification for human activity recognition

based on an iterative learning framework’, Sensors, Vol. 17,
No. 6, p.1287.

De Leonardis, G. et al. (2018) ‘Human activity recognition by
wearable sensors: comparison of different classifiers for
real-time applications’, in 2018 [EEE International
Symposium on Medical Measurements and Applications
(memeay), pp.1-6.

Debache, 1., Jeantet, L., Chevallier, D., Bergouignan, A. and
Sueur, C. (2020) ‘A lean and performant hierarchical model
for human activity recognition using body-mounted sensors’,
Sensors, Vol. 20, No. 11, p.3090, Switzerland,
doi: 10.3390/s20113090.

Dessi, N. and Pes, B. (2015) ‘Similarity of feature selection
methods: an empirical study across data intensive
classification tasks’, Expert Syst. Appl., Vol. 42, No. 10,
pp.4632-4642.

Dixon-Warren, S.J. (2010) ‘Motion sensing in the iPhone 4:
MEMS accelerometer’, MEMS J.

Ermes, M., Péarkkd, J., Méntyjérvi, J. and Korhonen, 1. (2008)
‘Detection of daily activities and sports with wearable sensors
in controlled and uncontrolled conditions’, IEEE Trans. Inf.
Technol. Biomed., Vol. 12, No. 1, pp.20-26.

Eston, R.G., Rowlands, A.V. and Ingledew, D.K. (1998) “Validity
of heart rate, pedometry, and accelerometry for predicting the
energy cost of children’s activities’, J. Appl. Physiol., Vol. 84,
No. 1, pp.362-371, doi: 10.1152/jappl.1998.84.1.362.

Fan, S., Jia, Y. and Jia, C. (2019) ‘A feature selection and
classification method for activity recognition based on an
inertial sensing unit’, Information, Vol. 10, No. 10, p.290.

Figo, D., Diniz, P.C., Ferreira, D.R. and Cardoso, J.M.P. (2010)
‘Preprocessing techniques for context recognition from
accelerometer data’, Pers. Ubiquitous Comput., Vol. 14,
No. 7, pp.645-662.

Foerster, F., Smeja, M. and Fahrenberg, J. (1999) ‘Detection of
posture and motion by accelerometry: a validation study in
ambulatory monitoring’, Computers in Human Behavior,
Vol. 15, No. 5, pp.571-583.

Fontana, J.M. et al. (2015) ‘Energy intake estimation from counts
of chews and swallows’, Appetite, Vol. 85,No. 11, pp.14-21.

Freedson, P.S. and Miller, K. (2000) ‘Objective monitoring of
physical activity using motion sensors and heart rate’, Res. Q.
Exerc. Sport, July, Vol. 71, pp.21-29, doi: 10.1080/
02701367.2000.11082782.

Fu, Z., He, X., Wang, E., Huo, J., Huang, J. and Wu, D. (2021)
‘Personalized human activity recognition based on integrated
wearable sensor and transfer learning’, Sensors, Vol. 21, No.
3, p.885.

Gani, M.O. et al. (2019) ‘A light weight smartphone based human
activity recognition system with high accuracy’, J. Netw.
Comput. Appl., Vol. 141, pp.59-72, doi: 10.1016/j.jnca.
2019.05.001.

Gao, S., Ver Steeg, G. and Galstyan, A. (2016) ‘Variational
information maximization for feature selection’, Adv. Neural
Inf. Process. Syst., no. Nips, pp.487—495.

Gao, W., Zhang, L., Huang, W., Min, F., He, J. and Song, A.
(2021a) ‘Deep neural networks for sensor-based human
activity recognition using selective kernel convolution’, /EEE
Trans. Instrum. Meas., Vol. 70, pp.1-13, doi: 10.1109/
TIM.2021.3102735.

Gao, W., Zhang, L., Teng, Q., He, J. and Wu, H. (2021b)
‘DanHAR: Dual attention network for multimodal human

activity recognition using wearable sensors’, Appl. Soft
Comput., Vol. 111, No. 14, p.107728.



Artificial intelligence in human activity recognition: a review 17

Gheid, Z. and Challal, Y. (2016) ‘Novel efficient and privacy-
preserving protocols for sensor-based human activity
recognition’, in 2016 Intl IEEE Conferences on Ubiquitous
Intelligence & Computing, Advanced and Trusted Computing,
Scalable Computing and Communications, Cloud and Big
Data Computing, Internet of People, and Smart World
Congress  (UIC/ATC/ScalCom/CBDCom/loP/SmartWorld),
pp-301-308.

Gholamiangonabadi, D., Kiselov, N. and Grolinger, K. (2020)
‘Deep neural networks for human activity recognition with
wearable sensors: leave-one-subject-out cross-validation for
model selection’, IEEE Access, Vol. 8, pp.133982-133994,
doi: 10.1109/ACCESS.2020.3010715.

Gjoreski, M., Janko, V., Slapnicar, G., Mlakar, M., Res¢i¢, N.,
Bizjak, J., Drobnic, V., Marinko, M., Mlakar, N., Lustrek, M.
and Gams, M. (2020) ‘Classical and deep learning methods
for recognizing human activities and modes of transportation
with smartphone sensors’, Information Fusion, Vol. 62,
No. 10, pp.47-62.

Godfrey, A., Conway, R., Meagher, D. and OLaighin, G. (2008)
‘Direct measurement of human movement by accelerometry’,
Med. Eng. Phys., Vol. 30, No. 10, pp.1364-1386, doi:
10.1016/j.medengphy.2008.09.005.

Gumaei, A., Hassan, M.M. and Member, S. (2019) ‘A hybrid deep
learning model for human activity recognition using
multimodal body sensing data’, IEEE Access, Vol. 7, No. 8,
pp.99152-99160.

Guo, M. and Wang, Z. (2018) ‘Segmentation and recognition of
human motion sequences using wearable inertial sensors’,
Multimed. Tools Appl., Vol. 77, No. 16, pp.21201-21220,
doi: 10.1007/s11042-017-5573-1.

Guo, M., Wang, Z., Yang, N., Li, Z. and An, T. (2019) ‘A
multisensor multiclassifier hierarchical fusion model based on
entropy weight for human activity recognition using wearable
inertial sensors’, IEEE Trans. Human-Machine Syst., Vol. 49,
No. 1, pp.105-111, doi: 10.1109/THMS.2018.2884717.

Guo, Y., He, W. and Gao, C. (2012) ‘Human activity recognition
by fusing multiple sensor nodes in the wearable sensor
systems’, J. Mech. Med. Biol., Vol. 12, No. 05, p.1250084.

Gupta, P. and Dallas, T. (2014) ‘Feature selection and activity
recognition system using a single triaxial accelerometer’,
IEEE Trans. Biomed. Eng., Vol. 61, No. 6, pp.1780-1786,
doi: 10.1109/TBME.2014.2307069.

Gupta, S. (2021) ‘Deep learning based human activity recognition
(HAR) using wearable sensor data’, Int. J. Inf. Manag. Data
Insights, Vol. 1, No. 2, p-100046, doi:
10.1016/j.jjimei.2021.100046.

Guyon, I. and Elisseeff, A. (2003) ‘An introduction to variable and
feature selection’, J. Mach. Learn. Res., Vol. 3, March,
pp-1157-1182.

Hall, D.L. and Frcpe, F. (2012) ‘Reproduced with permission of
the copyright owner. Further reproduction prohibited
without’, J. Allergy Clin. Immunol., Vol. 130, No. 2, p.556,
doi: 10.1016/j.jaci.2012.05.050.

Hammerla, N.Y., Fisher, J., Andras, P., Rochester, L., Walker, R.
and Plotz, T. (2015) ‘PD disease state assessment in
naturalistic environments using deep learning’, in Twenty-
Ninth AAAI Conference on Artificial Intelligence.

Hassan, M.M., Uddin, M.Z., Mohamed, A. and Almogren, A.
(2018) ‘A robust human activity recognition system using
smartphone sensors and deep learning’, Futur. Gener.
Comput. Syst., Vol. 81, pp.307-313, doi: 10.1016
/j.future.2017.11.029.

He, J., Zhang, Q., Wang, L. and Pei, L. (2018) ‘Weakly supervised
human activity recognition from wearable sensors by
recurrent attention learning’, IEEE Sens. J., Vol. 19, No. 6,
pp.2287-2297.

Helmi, A.M., Al-Qaness, M.A.A., Dahou, A., Damasevicius, R.,
Krilavi¢ius, T. and Elaziz, M.A. (2021) ‘A novel hybrid
gradient-based optimizer and grey wolf optimizer feature
selection method for human activity recognition using
smartphone sensors’, Entropy, Vol. 23, No. 8, p.1065.

Hendry, D., Chai, K., Campbell, A., Hopper, L., O’Sullivan, P. and
Straker, L. (2020) ‘Development of a human activity
recognition system for ballet tasks’, Sport. Med. - Open, Vol.
6, No. 1, pp.1-10, doi: 10.1186/s40798-020-0237-5.

Hills, A.P., Mokhtar, N. and Byrne, N.M. (2014) ‘Assessment of
physical activity and energy expenditure: an overview of
objective measures’, Front. Nutr., Vol. 1, No. 5, p.5.

Hong, J. and Ohtsuki, T. (2011) ‘A state classification method
based on space-time signal processing using SVM for
wireless monitoring systems’, in 2011 I[EEE 22nd
International Symposium on Personal, Indoor and Mobile
Radio Communications, pp.2229-2233.

Hossain Shuvo, M.M., Ahmed, N., Nouduri, K. and Palaniappan,
K. (2020) ‘A hybrid approach for human activity recognition
with support vector machine and 1d convolutional neural
network’, Proc. — Appl. Imag. Pattern Recognit. Work., pp.1—
5, October, doi: 10.1109/ATPR50011.2020.9425332.

Hossain, T., Islam, M.S., M. Ahad, A.R. and Inoue, S. (2019)
‘Human activity recognition using earable device’, in Adjunct
Proceedings of the 2019 ACM International Joint Conference
on Pervasive and Ubiquitous Computing and Proceedings of
the 2019 ACM International Symposium on Wearable
Computers, pp.81-84.

Hu, L., Chen, Y., Wang, S. and Chen, Z. (2014) ‘b-COELM: a
fast, lightweight and accurate activity recognition model for
mini-wearable devices’, Pervasive Mob. Comput., Vol. 15,
pp-200-214.

Hussain, T., Magbool, H.F., Igbal, N., Salman, M.K. and
Dehghani-Sanij, A.A. (2019) ‘Computational model for the
recognition of lower limb movement using wearable
gyroscope sensor’, Int. J. Sens. Networks, Vol. 30, No. 1,
pp.35-45, doi: 10.1504/IJSNET.2019.099230.

Ignatov, A. (2018) ‘Real-time human activity recognition from
accelerometer data using convolutional neural networks’,
Appl. Soft Comput., Vol. 62, No. 1, pp.915-922.

Ignatov, A.D. and Strijov, V.V. (2016) ‘Human activity
recognition using quasiperiodic time series collected from a
single tri-axial accelerometer’, Multimed. Tools Appl., Vol.
75, No. 12, pp.7257-7270.

Inomata, A. and Yaginuma, Y. (2014) ‘Hassle-free sensing
technologies for monitoring daily health changes’, Fujitsu
Sci. Tech. J., Vol. 50, No. 1, pp.78-83.

Insole-based, L.U., Member, S., Bries, M., Swibas, T. and
Melanson, E. (2018) ‘Automatic recognition of activities of
daily’, IEEE J. Biomed. Heal. Informatics, Vol. 22, No. 4,
pp-979-988.

Janidarmian, M., Fekr, A.R., Radecka, K. and Zilic, Z. (2017) ‘A
comprehensive analysis on wearable acceleration sensors in
human activity recognition’, Sensors, Vol. 17, No. 3, p.529,
doi: 10.3390/s17030529, Switzerland.

Javed, A.R., Faheem, R., Asim, M., Baker, T. and Beg, M.O.
(2021) ‘A smartphone sensors-based personalized human

activity recognition system for sustainable smart cities’,
Sustain. Cities Soc., Vol. 71, No. 8, p.102970.



18 U. Verma et al.

Kaghyan, S. and Sarukhanyan, H. (2012) ‘Activity recognition
using k-nearest neighbor algorithm on smartphone with tri-
axial accelerometer’, Int. J. Informatics Model. Anal.
(IJIMA), ITHEA Int. Sci. Soc. Bulg., Vol. 1, pp.146—156.

Kalantarian, H., Alshurafa, N., Le, T. and Sarrafzadeh, M. (2015)
‘Monitoring eating habits using a piezoelectric sensor-based
necklace’, Comput. Biol. Med., Vol. 58, No. 3, pp.46-55.

Kan, Y.C. and Chen, C.K. (2012) ‘A wearable inertial sensor node
for body motion analysis’, /EEE Sens. J., Vol. 12, No. 3,
pp.651-657, doi: 10.1109/JSEN.2011.2148708.

Karantonis, D.M., Narayanan, M.R., Mathie, M., Lovell, N.H. and
Celler, B.G. (2006) ‘Implementation of a real-time human
movement classifier using a triaxial accelerometer for
ambulatory monitoring’, IEEE Trans. Inf. Technol. Biomed.,
Vol. 10, No. 1, pp.156-167, January, doi:
10.1109/TITB.2005.856864.

Karantonis, D.M., Narayanan, M.R., Mathie, M., Lovell, N.H. and
Celler, B.G. (2006) ‘Implementation of a real-time human
movement classifier using a triaxial accelerometer for
ambulatory monitoring’, IEEE Trans. Inf. Technol. Biomed.,
Vol. 10, No. 1, pp.156-167, doi: 10.1109/TITB.2005.856864.

Kaya, H., Eyben, F., Salah, A.A. and Schuller, B. (2014) ‘CCA
based feature selection with application to continuous
depression recognition from acoustic speech features’, in
2014 IEEE International Conference on Acoustics, Speech
and Signal Processing (ICASSP), pp.3729-3733.

Khan, A., Hammerla, N., Mellor, S. and Plétz, T. (2016)
‘Optimising sampling rates for accelerometer-based human
activity recognition’, Pattern Recognit. Lett., Vol. 73, No. 5,
pp-33—40.

Khan, A.M., Tufail, A., Khattak, A.M. and Laine, T.H. (2014)
‘Activity recognition on smartphones via sensor-fusion and
KDA-based SVMSs’, Int. J. Distrib. Sens. Networks, Vol. 10,
No. 5, p.503291.

Khatun, M.A. et al. (2022) ‘Deep CNN-LSTM with self-attention
model for human activity recognition using wearable sensor’,
IEEE J. Transl. Eng. Heal. Med., Vol. 10, No. 5, pp.1-16.

Kianoush, S., Savazzi, S., Vicentini, F., Rampa, V. and Giussani,
M. (2017) ‘Device-free RF human body fall detection and
localization in industrial workplaces’, IEEE Internet Things
J., Vol. 4, No. 2, pp-351-362, doi:
10.1109/J10T.2016.2624800.

Kim, J.H., Hong, G.S., Kim, B.G. and Dogra, D.P. (2018)
‘deepGesture: deep learning-based gesture recognition
scheme using motion sensors’, Displays, Vol. 55, pp.38—45,
doi: 10.1016/j.displa.2018.08.001.

Kim, K. and Cho, Y.K. (2020) ‘Effective inertial sensor quantity
and locations on a body for deep learning-based worker’s
motion recognition’, Autom. Constr., Vol. 113, p.103126, doi:
10.1016/j.autcon.2020.103126.

Koyano, W., Shibata, H., Nakazato, K., Haga, H., Suyama, Y. and
Matsuzaki, T. (1988) ‘Prevalence of disability in instrumental
activities of daily living among elderly Japanese’, Journals
Gerontol., Vol. 43, No. 2, pp.41-45, doi: 10.1093
/geronj/43.2.541.

Kulchyk, J. and Etemad, A. (2019) ‘Activity recognition with
wearable accelerometers using deep convolutional neural
network and the effect of sensor placement’, Proc. IEEE
Sensors, October, Vol. 2019, pp-1-4, doi:
10.1109/SENSORS43011.2019.8956668.

Kumar, P. and Suresh, S. (2022) ‘RecurrentHAR: a novel transfer
learning-based deep learning model for sequential, complex,
concurrent, interleaved, and heterogeneous type human
activity recognition’, IETE Tech. Rev., Vol. 40, No. 1,
pp-1-22.

Kwapisz, J.R., Weiss, G.M. and Moore, S.A. (2011) ‘Activity
recognition using cell phone accelerometers’, ACM SigkDD
Explor. Newsl., Vol. 12, No. 2, pp.74-82.

Kwon, Y., Kang, K. and Bae, C. (2014) ‘Unsupervised learning for
human activity recognition using smartphone sensors’, Expert
Syst. Appl., Vol. 41, No. 14, pp.6067-6074, doi: 10.1016/
j.eswa.2014.04.037.

Laudanski, A., Brouwer, B. and Li, Q. (2015) ‘Activity
classification in persons with stroke based on frequency
features’, Med. Eng. \& Phys., Vol. 37, No. 2, pp.180-186.

Lawal, [.A. and Bano, S. (2020) ‘Deep human activity recognition
with localisation of wearable sensors’, IEEE Access, Vol. 8,
pp-155060-155070, doi: 10.1109/ACCESS.2020.3017681.

Lee, M.W., Mehmood Khan, A., Kim, J.H., Cho, Y.S. and Kim,
T.S. (2010) ‘A single tri-axial accelerometer-based real-time
personal life log system capable of activity classification and
exercise information generation’, 2010 Annu. Int. Conf. IEEE
Eng. Med. Biol. Soc. EMBC’10, pp.1390-1393, doi: 10.1109/
IEMBS.2010.5626729.

Leonov, V. (2013) ‘Thermoelectric energy harvesting of human
body heat for wearable sensors’, I[EEE Sens. J.,
Vol. 13, No. 6, pp.2284-2291.

Leutheuser, H., Schuldhaus, D. and Eskofier, B.M. (2013)
‘Hierarchical, multi-sensor based classification of daily life
activities: comparison with state-of-the-art algorithms using a
benchmark dataset’, PLoS One, Vol. 8, No. 10, p.e75196,
doi: 10.1371/journal.pone.0075196.

Li, H. and Trocan, M. (2019) ‘Deep learning of smartphone sensor
data for personal health assistance’, Microelectronics J.,
Vol. 88, pp.164—172, doi: 10.1016/j.mejo.2018.01.015.

Li, J. et al. (2017) ‘Feature selection: a data perspective’, ACM
Comput. Surv., Vol. 50, No. 6, pp.1-45.

Li, Q., Stankovic, J.A., Hanson, M.A., Barth, A.T., Lach, J. and
Zhou, G. (2009) ‘Accurate, fast fall detection using
gyroscopes and accelerometer-derived posture information’,
in 2009 Sixth International Workshop on Wearable and
Implantable Body Sensor Networks, pp.138—143.

Link, J., Perst, T., Stoeve, M. and Eskofier, B.M. (2022)
‘Wearable sensors for activity recognition in ultimate frisbee
using convolutional neural networks and transfer learning’,
Sensors, Vol. 22, No. 7, p.2560.

Liu, L., Peng, Y., Liu, M. and Huang, Z. (2015) ‘Sensor-based
human activity recognition system with a multilayered model
using time series shapelets’, Knowledge-Based Syst., Vol. 90,
No. 18, pp.138-152.

Liu, S., Gao, R.X., John, D., Staudenmayer, J.W. and Freedson,
P.S. (2012) ‘Multisensor data fusion for physical activity
assessment’, /[EEE Trans. Biomed. Eng., Vol. 59, No. 3,
pp-687-696, doi: 10.1109/TBME.2011.2178070.

Liu, S., Gao, RX, John, D., Staudenmayer, J.W. and
Freedson, P.S. (2011) ‘Multisensor data fusion for physical
activity assessment’, [EEE Trans. Biomed. Eng., Vol. 59,
No. 3, pp.687-696.

Liu, Z., Li, S., Hao, J., Hu, J. and Pan, M. (2021) ‘An efficient and
fast model reduced kernel KNN for human activity
recognition’, J. Adv. Transp., Vol. 2021, No. 6, 9pp.

Lu, J., Zheng, X., Sheng, M., Jin, J. and Yu, S. (2020) ‘Efficient
human activity recognition using a single wearable sensor’,
IEEE Internet Things J., Vol. 7, No. 11, pp.11137-11146.

Lu, Y., Wei, Y., Liu, L., Zhong, J., Sun, L. and Liu, Y. (2017)
‘Towards unsupervised physical activity recognition using

smartphone accelerometers’, Multimed. Tools Appl., Vol. 76,
No. 8, pp.10701-10719, doi: 10.1007/s11042-015-3188-y.



Artificial intelligence in human activity recognition: a review 19

Lv, M., Xu, W. and Chen, T. (2019) ‘A hybrid deep convolutional
and recurrent neural network for complex activity recognition
using multimodal sensors’,Neurocomputing, Vol. 362,
No. 339, pp.33—40.

Machado, I.P., Gomes, A.L., Gamboa, H., Paixdo, V. and Costa,
R.M. (2015) ‘Human activity data discovery from triaxial
accelerometer sensor: non-supervised learning sensitivity to
feature extraction parametrization’, Inf. Process. & Manag.,
Vol. 51, No. 2, pp.204-214.

Mannini, A., Intille, S.S., Rosenberger, M., Sabatini, A.M. and
Haskell, W. (2013) ‘Activity recognition using a single
accelerometer placed at the wrist or ankle’, Med. Sci. Sports
Exerc., Vol. 45, No. 11, p.2193.

Maurer, U., Smailagic, A., Siewiorek, D.P. and Deisher, M. (2006)
‘Activity recognition and monitoring using multiple sensors
on different body positions’, in International Workshop on
Wearable and Implantable Body Sensor Networks (BSN’06),
pp-4--pp.

Mehedi, M., Uddin, Z., Mohamed, A. and Almogren, A. (2018)
‘A robust human activity recognition system using
smartphone sensors and deep learning’, Futur. Gener.
Comput. Syst., Vol. 81, pp.307-313, doi: 10.1016/j.future
.2017.11.029.

Mehrang, S. et al. (2017) ‘Human activity recognition using a
single optical heart rate monitoring wristband equipped with
triaxial accelerometer’, in EMBEC & NBC 2017, Springer,
pp-587-590.

Mehrang, S., Pietild, J. and Korhonen, 1. (2018) ‘An activity
recognition framework deploying the random forest classifier
and a single optical heart rate monitoring and triaxial
accelerometer wrist-band’, Sensors, Vol. 18, No. 2, p.613.

Meyer, P.E. and Bontempi, G. (2006) ‘On the use of variable
complementarity  for feature selection in  cancer
classification’, in Workshops on Applications of Evolutionary
Computation, pp 91-102.

Micucci, D., Mobilio, M. and Napoletano, P. (2017) ‘Unimib shar:
a dataset for human activity recognition using acceleration
data from smartphones’, Appl. Sci., Vol. 7, No. 10, p.1101.

Mohamad, S., Sayed-Mouchaweh, M. and Bouchachia, A. (2020)
‘Online active learning for human activity recognition from
sensory data streams’, Neurocomputing, Vol. 390, No. xxxx,
pp-341-358, doi: 10.1016/j.neucom.2019.08.092.

Moncada-Torres, A., Leuenberger, K., Gonzenbach, R., Luft, A.
and Gassert, R. (2014) ‘Activity classification based on
inertial and barometric pressure sensors at different
anatomical locations’, Physiol. Meas., Vol. 35, No. 7,
pp-1245-1263, doi: 10.1088/0967-3334/35/7/1245.

Morales, J. and Akopian, D. (2017) ‘Physical activity recognition
by smartphones, a survey’, Biocybern. Biomed. Eng., Vol. 37,
No. 3, pp.388—400.

Mortazavi, B.J., Pourhomayoun, M., Alsheikh, G., Alshurafa, N.,
Lee, S.I. and Sarrafzadeh, M. (2014) ‘Determining the single
best axis for exercise repetition recognition and counting on
smartwatches’, in 2014 11th International Conference on
Wearable and Implantable Body Sensor Networks, pp.33-38.

Moschetti, A., Fiorini, L., Esposito, D., Dario, P. and Cavallo, F.
(2017) ‘Toward an unsupervised approach for daily gesture
recognition in assisted living applications’, IEEE Sens. J.,
Vol. 17, No. 24, pp.8395-8403, doi: 10.1109/JSEN
.2017.2764323.

Mukherjee, D. (2020) ‘EnsemConvNet : a deep learning approach
for human activity recognition using smartphone sensors for
healthcare applications’, Multimedia Tools and Applications,
Vol. 79, No. 14, pp.31663-31690.

Mukhopadhyay, S.C. (2015) ‘Wearable sensors for human activity
monitoring’, IEEE Sens. J., Vol. 15, No. 3, pp.1321-1330.

Miinzner, S., Schmidt, P., Reiss, A., Hanselmann, M.,
Stiefelhagen, R. and Diirichen, R. (2017) ‘CNN-based sensor
fusion techniques for multimodal human activity recognition’,
in Proceedings of the 2017 ACM International Symposium on
Wearable Computers, pp.158—165.

Murao, K. and Terada, T. (2014) ‘A recognition method for
combined activities with accelerometers’, in Proceedings of
the 2014 ACM International Joint Conference on Pervasive
and  Ubiquitous ~ Computing:  Adjunct  Publication,
pp.787-796.

Nam, Y. and Park, J.W. (2013) “Child activity recognition based
on cooperative fusion model of a triaxial accelerometer and a
barometric pressure sensor’, [EEE J. Biomed. Heal
Informatics, Vol. 17, No. 2, pp.420—426.

Ngiam, J., Koh, P.W.W.; Chen, Z., Bhaskar, S.A. and Ng, A.Y.
(2011) “Sparse filtering BT-NIPS’, Nips, Vol. 24,
pp.1125-1133.

Nguyen, H.D., Tran, K.P., Zeng, X., Koehl, L. and Tartare, G.,
(2019) Wearable Sensor Data based Human Activity
Recognition using Machine Learning: A New Approach,
arXiv preprint arXiv:1905.03809, https://doi.org/10.48550/
arXiv.1905.03809, bin code: 2019arXiv190503809N.

Nham, B., Siangliulue, K. and Yeung, S. (2008) Predicting Mode
of Transport from iPhone Accelerometer Data, Mach. Learn.
Final Proj., Stanford Univ., Stanford University, 450 Serra
Mall, Stanford, CA 94305, USA.

Nurwulan, N. and Jiang, B.C. (2020) ‘Window selection impact in
human activity recognition’, Int. J. Innov. Technol.
Interdiscip. Sci., Vol. 3, No. 1, pp.381-394.

Nweke, H.F., Teh, Y.W., Al-garadi, M.A. and Alo, U.R. (2018a)
‘Deep learning algorithms for human activity recognition
using mobile and wearable sensor networks: State of the art
and research challenges’, Expert Syst. Appl., Vol. 105,
pp.233-261, doi: 10.1016/j.eswa.2018.03.056.

Nweke, H.F., Teh, Y.W., Alo, U.R. and Mujtaba, G. (2018b)
‘Analysis of multi-sensor fusion for mobile and wearable
sensor based human activity recognition’, in Proceedings of
the International Conference on Data Processing and
Applications, pp.22-26.

Nweke, H.F., Teh, Y.W., Mujtaba, G., Alo, U.R. and
Al-garadi, M.A. (2019) ‘Multi-sensor fusion based on
multiple classifier systems for human activity identification’,
Human-Centric Comput. Inf. Sci., Vol. 9, No. 1, pp.1-44.

Oberg, P.A., Togawa, T. and Spelman, F.A. (2004) ‘Sensors
applications’, Sensors in Medicine and Health Care, Vol. 3,
p.444.

Onofri, L., Soda, P., Pechenizkiy, M. and lannello, G. (2016) ‘A
survey on using domain and contextual knowledge for human
activity recognition in video streams’, Expert Syst. Appl., Vol.
63, pp.97—-111, doi: 10.1016/j.eswa.2016.06.011.

Ordonez, F.J., Iglesias, J.A., De Toledo, P., Ledezma, A. and
Sanchis, A. (2013) ‘Online activity recognition using
evolving classifiers’, Expert Syst. Appl., Vol. 40, No. 4,
pp-1248-1255.

Ouchi, K. and Doi, M. (2013) ‘Smartphone-based monitoring
system for activities of daily living for elderly people and
their relatives etc.’, in Proceedings of the 2013 ACM
Conference on Pervasive and Ubiquitous Computing Adjunct
Publication, pp.103—106.



20 U. Verma et al.

Parkka, J., Ermes, M., Korpipaa, P., Mantyjarvi, J., Peltola, J. and
Korhonen, 1. (2006) ‘Activity classification using realistic
data from wearable sensors’, [EEE Trans. Inf. Technol.
Biomed., Vol. 10, No. 1, pp.119-128, doi: 10.1109
/TITB.2005.856863

Pavey, T.G., Gilson, N.D., Gomersall, S.R., Clark, B. and Trost,
S.G. (2017) ‘Field evaluation of a random forest activity
classifier for wrist-worn accelerometer data’, J. Sci. Med.
Sport, Vol. 20, No. 1, pp.75-80.

Peng, L., Chen, L., Ye, Z. and Zhang, Y.I. (2018) ‘AROMA: a
deep multi-task learning based simple and complex human
activity recognition method using wearable sensors’,
Proceedings of the ACM on Interactive, Mobile, Wearable
and Ubiquitous Technologies, Vol. 2, No. 2, pp.1-16.

Pereira, M.A. and Freedson, P.S. (1997) ‘Intraindividual variation
of running economy in highly trained and moderately trained
males’, Int. J. Sports Med., Vol. 18, No. 2, pp. 118-124.

Pham, C. et al. (2020) ‘SensCapsNet: deep neural network for non-
obtrusive sensing based human activity recognition’, /[EEE
Access, Vol. 8, No. 5, pp.86934-86946.

Poh, M-Z., Swenson, N.C. and Picard, R.W. (2010) ‘Motion-
tolerant magnetic earring sensor and wireless earpiece for
wearable photoplethysmography’, IEEE Trans. Inf. Technol.
Biomed., Vol. 14, No. 3, pp.786-794.

Ponce, H., Martinez-Villasefior, M.D.L. and Miralles-Pechuan, L.
(2016) ‘A novel wearable sensor-based human activity
recognition approach using artificial hydrocarbon networks’,
Sensors, Vol. 16, No. 7, p.1033.

Qian, H., Pan, S.J., Da, B. and Miao, C. (2019) ‘A novel
distribution-embedded neural network for sensor-based
activity recognition’, IJCAI Int. Jt. Conf. Artif. Intell., August,
Vol. 2019, pp.5614-5620, doi: 10.24963/ijcai.2019/779.

Quaid, M.AK. and Jalal, A. (2020) ‘Wearable sensors based
human behavioral pattern recognition using statistical features
and reweighted genetic algorithm’, Multimed. Tools Appl.,
Vol. 79, Nos. 9-10, pp.6061-6083, doi: 10.1007/s11042-019-
08463-7.

Ramanujam, E., Perumal, T. and Padmavathi, S. (2021) ‘Human
activity recognition with smartphone and wearable sensors
using deep learning techniques: a review’, IEEE Sens. J.,
Vol. 21, no. 12, pp. 1309-13040, doi: 10.1109/JSEN
.2021.3069927.

Randhawa, P., Shanthagiri, V., Kumar, A. and Yadav, V. (2020)
‘Human activity detection using machine learning methods
from wearable sensors’, Sems. Rev., Vol. 40, No. 5,
pp-591-603.

Reyes-Ortiz, J.L., Oneto, L., Sama, A., Parra, X. and Anguita, D.
(2016) ‘Transition-aware human activity recognition using
smartphones’, Neurocomputing, Vol. 171, pp.754-767,
doi: 10.1016/j.neucom.2015.07.085.

Ronao, C.A. and Cho, S-B. (2016) ‘Human activity recognition
with smartphone sensors using deep learning neural
networks’, Expert Syst. Appl., Vol. 59, No. 17, pp.235-244.

Rustam, F. et al. (2020) ‘Sensor-based human activity recognition
using deep stacked multilayered perceptron model’, IEEE
Access, Vol. 8, No. 12, pp.218898-218910.

Sani, S., Massie, S., Wiratunga, N. and Cooper, K. (2017a)
‘Learning deep and shallow features for human activity
recognition’, in International Conference on Knowledge
Science, Engineering and Management, pp.469—482.

Sani, S., Wiratunga, N. and Massie, S. (2017b) ‘Learning deep
features for kNN-based human activity recognition’, CEUR
Workshop Proceedings, pp.95-103, series number: 2028,
series: CEUR Workshop Proceedings series ISSN: 1613-
0073, URL: http://hdl.handle.net/10059/2489.

Scholkopf, B., Smola, A. and Miiller, K-R. (1998) ‘Nonlinear
component analysis as a kernel eigenvalue problem’, Neural
Comput., Vol. 10, No. 5, pp.1299-1319.

Shany, T., Redmond, S.J., Narayanan, M.R. and Lovell, N.H.
(2012) ‘Sensors-based wearable systems for monitoring of
human movement and falls’, /EEE Sens. J., Vol. 12, No. 3,
pp.658-670, doi: 10.1109/JSEN.2011.2146246.

Sheng, M., Jiang, J., Su, B., Tang, Q., Yahya, A.A. and Wang, G.
(2016) ‘Short-time activity recognition with wearable sensors
using convolutional neural network’, in Proceedings of the
15th  ACM SIGGRAPH Conference on Virtual-Reality
Continuum and its Applications in Industry, Vol. 1,
pp.413-416.

Shoaib, M., Bosch, S., Incel, O.D., Scholten, H. and Havinga, P.J.,
(2014) ‘Fusion of smartphone motion sensors for physical
activity  recognition’,  Semsors, Vol. 14, No. 6,
pp.10146-10176.

Shoaib, M., Bosch, S., Incel, O.D., Scholten, H. and
Havinga, P.J.M. (2016) ‘Complex human activity recognition
using smartphone and wrist-worn motion sensors’, Sensors,
Vol. 16, No. 4, pp.1-24, Switzerland, doi: 10.3390/
s16040426.

Shoaib, M., Incel, O.D., Scolten, H. and Havinga, P. (2017)
‘Resource consumption analysis of online activity recognition
on mobile phones and smartwatches’, in 2017 IEEE 36th
International Performance Computing and Communications
Conference (IPCCC), pp.1-6.

Subasi, A. et al. (2018) ‘Sensor based human activity recognition
using adaboost ensemble classifier’, Procedia Comput. Sci.,
Vol. 140, pp.104-111.

Subasi, A., Khateeb, K., Brahimi, T. and Sarirete, A. (2020)
‘Human activity recognition using machine learning methods
in a smart healthcare environment’, in Innovation in Health
Informatics, pp.123—144, Elsevier.

Suto, J. and Oniga, S. (2018) ‘Efficiency investigation of artificial
neural networks in human activity recognition’, J. Ambient
Intell. Humaniz. Comput., Vol. 9, No. 4, pp.1049-1060.

Suto, J., Oniga, S. and Sitar, P.P. (2016) ‘Feature analysis to
human activity recognition’, Int. J. Comput. Commun. &
Control, Vol. 12, No. 1, pp.116-130.

Suto, J., Oniga, S. and Sitar, P.P. (2017) ‘Feature analysis to
human activity recognition’, Int. J. Comput. Commun.
Control, Vol. 12, No. 1, pp.116-130, doi: 10.15837/ijccc.
2017.1.2787.

Sztyler, T. and Stuckenschmidt, H. (2016) ‘On-body localization
of wearable devices: an investigation of position-aware
activity recognition’, 2016 I[EEE Int. Conf. Pervasive
Comput.  Commun. PerCom, pp.1-9, doi: 10.1109
/PERCOM.2016.7456521.

Sztyler, T., Stuckenschmidt, H. and Petrich, W. (2017) ‘Position-
aware activity recognition with wearable devices’, Pervasive
Mob. Comput., Vol. 38, pp.281-295, doi: 10.1016/j.pmcj.
2017.01.008.

Tamura, T., Maeda, Y., Sekine, M. and Yoshida, M. (2014)
‘Wearable photoplethysmographic sensors — past and
present’, Electronics, Vol. 3, No. 2, pp.282-302.



Artificial intelligence in human activity recognition: a review 21

Tang, Y., Teng, Q., Zhang, L., Min, F. and He, J. (2020) ‘Layer-
wise training convolutional neural networks with smaller
filters for human activity recognition using wearable sensors’,
IEEE Sens. J., Vol. 21, No. 1, pp.581-592.

Tang, Y., Zhang, L., Teng, Q., Min, F. and Song, A. (2022) ‘Triple
cross-domain attention on human activity recognition using
wearable sensors’, [EEE Trans. Emerg. Top. Comput. Intell.,
doi: 10.1109/TETCI.2021.3136642.

Tian, Y., Wang, X., Chen, L. and Liu, Z. (2019) ‘Wearable sensor-
based human activity recognition via two-layer diversity-
enhanced multiclassifier recognition method’, Sensors, Vol.
19, No. 9, p.2039, Switzerland, doi: 10.3390/s19092039.

Tolstikov, A., Hong, X., Biswas, J., Nugent, C., Chen, L. and
Parente, G. (2011) ‘Comparison of fusion methods based on
DST and DBN in human activity recognition’, Vol. 9, No. 1,
pp-18-27, doi: 10.1007/s11768-011-0260-7.

Tong, L., Ma, H., Lin, Q., He, J. and Peng, L. (2022) ‘A novel
deep learning Bi-GRU-I model for real-time human activity
recognition using inertial sensors’, /EEE Sens. J., Vol. 22,
No. 6, pp.6164-6174.

Trabelsi, D., Mohammed, S., Chamroukhi, F., Oukhellou, L. and
Amirat, Y. (2012) ‘Supervised and unsupervised
classification approaches for human activity recognition using
body-mounted sensors’, ESANN 2012 proceedings, 20th Eur.
Symp. Artif- Neural Networks, Comput. Intell. Mach. Learn.,
April, pp.417-422.

Trabelsi, D., Mohammed, S., Chamroukhi, F., Oukhellou, L. and
Amirat, Y. (2013) ‘An unsupervised approach for automatic
activity recognition based on hidden Markov model
regression’, IEEE Transactions on Automation Science and
Engineering, Vol. 10, No. 3, pp.8§29-835.

Triboan, D., Chen, L., Chen, F. and Wang, Z. (2019) ‘A
semantics-based approach to sensor data segmentation in
real-time activity recognition’, Futur. Gener. Comput. Syst.,
Vol. 93, No. 4, pp.224-236.

Uddin, M.Z. and Hassan, M.M. (2019) ‘Activity recognition for
cognitive assistance using body sensors data and deep
convolutional neural network’, IEEE Sens. J., Vol. 19, No.
19, pp.8413-8419, doi: 10.1109/JSEN.2018.2871203.

Uddin, M.Z., Hassan, M.M., Alsanad, A. and Savaglio, C. (2019)
‘A body sensor data fusion and deep recurrent neural
network-based behavior recognition approach for robust
healthcare’, Inf. Fusion, Vol. 55, March, pp.105-115, 2020,
doi: 10.1016/j.inffus.2019.08.004.

Uslu, G., Dursunoglu, H.I., Altun, O. and Baydere, S. (2013)
‘Human activity monitoring with wearable sensors and hybrid
classifiers’, Int. J. Comput. Inf. Syst. Ind. Manag. Appl.,
Vol. 5, pp.345-353.

Van Der Maaten, L., Postma, E., den Herik, J. and others (2009)
‘Dimensionality reduction: a comparative’, J. Mach. Learn.
Res., Vol. 10, Nos. 66-71, p.13.

Van Kasteren, T.L.M., Englebienne, G. and Krdse, B.J.A. (2010)
‘An activity monitoring system for elderly care using

generative and discriminative models’, Pers. ubiquitous
Comput., Vol. 14, No. 6, pp.489-498.

Villar, J.R., Gonzilez, S., Sedano, J., Chira, C. and
Trejo-Gabriel-Galan, J.M. (2015) ‘Improving human activity
recognition and its application in early stroke diagnosis’, Int.
J. Neural Syst., Vol. 25, No. 4, p.1450036, doi: 10.1142/
S0129065714500361.

Wan, H., Guo, G., Wang, H. and Wei, X. (2015) ‘A new linear
discriminant analysis method to address the over-reducing
problem’, in International Conference on Pattern Recognition
and Machine Intelligence, pp.65-72.

Wang, A., Chen, G., Yang, J., Zhao, S. and Chang, C-Y. (2016)
‘A comparative study on human activity recognition using
inertial sensors in a smartphone’, IEEE Sens. J., Vol. 16,
No. 11, pp.4566—4578.

Wang, A., Chen, H., Zheng, C., Zhao, L., Liu, J. and Wang, L.
(2020) ‘Evaluation of random forest for complex human
activity recognition using wearable sensors’, in 2020
International Conference on Networking and Network
Applications (NaNA), pp.310-315.

Wang, J., Chen, Y., Hao, S., Peng, X. and Hu, L. (2019a) ‘Deep
learning for sensor-based activity recognition: a survey’,
Pattern Recognit. Lett., Vol. 119, No. 3, pp.3-11, doi:
10.1016/j.patrec.2018.02.010.

Wang, K., He, J. and Zhang, L. (2019b) ‘Attention-based
convolutional neural network for weakly labeled human
activities’ recognition with wearable sensors’, I[EEE Sens. J.,
Vol. 19, No. 17, pp.7598-7604, doi: 10.1109/JSEN.2019.
2917225.

Wang, L. (2016) ‘Recognition of human activities using
continuous autoencoders with wearable sensors’, Sensors,
Vol. 16, No. 2, p.189.

Wang, L., Gu, T., Xie, H., Tao, X., Lu, J. and Huang, Y. (2013) ‘A
wearable RFID system for real-time activity recognition using
radio patterns’, in International Conference on Mobile and
Ubiquitous Systems: Computing, Networking, and Services,
pp-370-383.

Wang, Y., Cang, S. and Yu, H. (2019) ‘A survey on wearable
sensor modality centred human activity recognition in health
care’, Expert Syst. Appl., Vol. 137, pp.167-190, doi:
10.1016/j.eswa.2019.04.057.

Wang, Z., Wu, D., Chen, J., Ghoneim, A. and Hossain, M.A.
(2016) ‘A triaxial accelerometer-based human activity
recognition via EEMD-based features and game-theory-based
feature selection’, IEEE Sens. J., Vol. 16, No. 9,
pp-3198-3207, doi: 10.1109/JSEN.2016.2519679.

Welk, G.J. and Corbin, C.B. (1995) ‘The validity of the Tritrac-
R3D activity monitor for the assessment of physical activity
in children’, Res. Q. Exerc. Sport, Vol. 66, No. 3, pp.202—
2009.

Westerterp, K.R. and Bouten, C.V.C. (1997) ‘Physical activity
assessment: comparison between movement registration and
doubly labeled water method’, Z. Ernahrungswiss., Vol. 36,
No. 4, pp.263-267

Winkley, J., Jiang, P. and Jiang, W. (2012) ‘Verity: an ambient
assisted living platform’, IEEE Trans. Consum. Electron.,
Vol. 58, No. 2, pp.364-373.

Wu, J., Wang, J. and Liu, L. (2007) ‘Feature extraction via KPCA
for classification of gait patterns’, Hum. Mov. Sci., Vol. 26,
No. 3, pp.393-411.

Wu, W., Dasgupta, S., Ramirez, E.E., Peterson, C. and
Norman, G.J. (2012) ‘Classification accuracies of physical
activities using smartphone motion sensors’, J. Med. Internet
Res., Vol. 14, No. 5, pp.1-9, doi: 10.2196/jmir.2208.

Xi, R.U.I, Member, S., Li, M., Hou, M. and Fu, M. (2018) ‘Deep
dilation on multimodality time series for human activity
recognition’, [EEE Access, Vol. 6, pp.53381-53396, doi:
10.1109/ACCESS.2018.2870841.

Xie, L., Tian, J., Ding, G. and Zhao, Q. (2018) ‘Human activity
recognition method based on inertial sensor and barometer’,
Sth IEEE Int. Symp. Inert. Sensors Syst. Inert. 2018 - Proc.,
pp.1-4, doi: 10.1109/1SISS.2018.8358140.



22 U. Verma et al.

Xu, C., Chai, D., He, J.,, Zhang, X. and Duan, S. (2018)
‘InnoHAR: a deep neural network for complex human
activity recognition’, [EEE Access, Vol. 7, pp.9893-9902,
doi: 10.1109/ACCESS.2018.2890675.

Yan, L., Bae, J., Lee, S., Roh, T., Song, K. and Yoo, H.J. (2011)
‘A 3.9 mW 25-clectrode reconfigured sensor for wearable
cardiac monitoring system’, IEEE J. Solid-State Circuits, Vol.
46, No. 1, pp.353-364, doi: 10.1109/JSSC.2010.2074350.

Yang, A.Y., Iyengar, S., Sastry, S., Bajcsy, R., Kuryloski, P. and
Jafari, R. (2008) ‘Distributed segmentation and classification
of human actions using a wearable motion sensor network’,
2008 IEEE Comput. Soc. Conf. Comput. Vis. Pattern
Recognit. Work. CVPR Work., pp.1-8, doi: 10.1109/CVPRW.
2008.4563176.

Yang, C.C. and Hsu, Y.L. (2010) ‘A review of
accelerometry-based wearable motion detectors for physical
activity monitoring’, Sensors, Vol. 10, No. 8, pp.7772-7788,
doi: 10.3390/s100807772.

Yang, J., Lee, J. and Choi, J. (2011) ‘Activity recognition based on
RFID object usage for smart mobile devices’, J. Comput. Sci.
Technol., Vol. 26, No. 2, pp.239-246.

Yazdansepas, D. et al. (2016) ‘A multi-featured approach for
wearable sensor-based human activity recognition’, Proc. —
2016 IEEE Int. Conf. Healthc. Informatics, ICHI 2016,
pp-423-431, doi: 10.1109/ICHI.2016.81.

Yin, J., Yang, Q. and Pan, J.J. (2008) ‘Sensor-based abnormal
human-activity detection’, IEEE Transactions on Knowledge
and Data Engineering, Vol. 20, No. 8, pp.1082—-1090.

Youssef, A., marie Aerts, J., Vanrumste, B. and Luca, S. (2020)
‘A localised learning approach applied to human activity
recognition’, IEEE Intell. Syst., Vol. 36, No. 3, pp.58-71, doi:
10.1109/M1S.2020.2964738.

Zdravevski, E. et al. (2017) ‘Improving activity recognition
accuracy in ambient-assisted living systems by automated
feature engineering’, [EEE Access, Vol. 5, No. 3,
pp.5262-5280.

Zebin, T., Scully, P.J. and Ozanyan, K.B. (2016) ‘Human activity
recognition with inertial sensors using a deep learning
approach’, in 2016 IEEE Sensors, pp.1-3.

Zebin, T., Sperrin, M., Peek, N. and Casson, A.J. (2018) ‘Human
activity recognition from inertial sensor time-series using
batch normalized deep LSTM recurrent networks’, Proc.
Annu. Int. Conf. IEEE Eng. Med. Biol. Soc. EMBS, pp.1-4,
doi: 10.1109/EMBC.2018.8513115.

Zeng, M. et al. (2014) ‘Convolutional neural networks for human
activity recognition using mobile sensors’, in 6th
International Conference on Mobile Computing, Applications
and Services, pp.197-205.

Zhang, B. et al. (2021) ‘A spatiotemporal multi-feature extraction
framework with space and channel based squeeze-and-
excitation blocks for human activity recognition’, J. Ambient
Intell. Humaniz. Comput., Vol. 12, No. 7, pp.7983-7995.

Zhang, M. and Sawchuk, A.A. (2011) ‘A feature selection-based
framework for human activity recognition using wearable
multimodal sensors’, in BodyNets, pp.92-98.

Zhang, M. and Sawchuk, A.A. (2012a) ‘Motion primitive-based
human activity recognition using a bag-of-features approach’,
in Proceedings of the 2nd ACM SIGHIT International Health
Informatics Symposium, pp.631-640.

Zhang, M. and Sawchuk, A.A. (2012b) ‘USC-HAD: a daily
activity dataset for ubiquitous activity recognition using
wearable sensors’, in Proceedings of the 2012 ACM
Conference on Ubiquitous Computing, pp.1036—1043.

Zhang, T.T. et al. (2010) ‘Sound based heart rate monitoring for
wearable systems’, in 2010 International Conference on Body
Sensor Networks, pp.139—143.

Zheng, Y., Wong, W-K., Guan, X. and Trost, S. (2013) ‘Physical
activity recognition from accelerometer data using a multi-
scale ensemble method’, in Twenty-Fifth IAAI Conference.

Zhou, X., Liang, W., Wang, K.1.K., Wang, H., Yang, L.T. and Jin,
Q. (2020) ‘Deep-learning-enhanced human activity
recognition for internet of healthcare things’, IEEE Internet
Things J., Vol. 7, No. 7, pp.6429—-6438, doi: 10.1109/JI0T.
2020.2985082.

Zhu, C., Sheng, W. and Liu, M. (2015) ‘Wearable sensor-based
behavioral anomaly detection in smart assisted living
systems’, [EEE Trans. Autom. Sci. Eng., Vol. 12, No. 4,
pp-1225-1234, doi: 10.1109/TASE.2015.2474743.

Zhu, Q., Chen, Z. and Soh, Y.C. (2019a) ‘A novel semisupervised
deep learning method for human activity recognition’, /EEE
Trans. Ind. Informatics, Vol. 15, No. 7, pp.3821-3830,
doi: 10.1109/TI1.2018.2889315.

Zhu, R. et al. (2019b) ‘Efficient human activity recognition solving
the confusing activities via deep ensemble learning’, /[EEE
Access, Vol. 7, pp.75490-75499, doi: 10.1109/ACCESS.
2019.2922104.

Zhuang, W., Chen, Y., Su, J., Wang, B. and Gao, C. (2019)
‘Design of human activity recognition algorithms based on a
single wearable IMU sensor’, Int. J. Sens. Networks, Vol. 30,
No. 3, pp.193-206.



