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Human activity recognition (HAR) technology that analyzes data acquired from various types of sens-
ing devices, including vision sensors and embedded sensors, has motivated the development of various
context-aware applications in emerging domains, e.g., the Internet of Things (IoT) and healthcare. Even
though a considerable number of HAR surveys and review articles have been conducted previously, the
major/overall HAR subject has been ignored, and these studies only focus on particular HAR topics. There-
fore, a comprehensive review paper that covers major subjects in HAR is imperative. This survey analyzes
the latest state-of-the-art research in HAR in recent years, introduces a classification of HAR methodolo-
gies, and shows advantages and weaknesses for methods in each category. Specifically, HAR methods are
classified into two main groups, which are sensor-based HAR and vision-based HAR, based on the gener-
ated data type. After that, each group is divided into subgroups that perform different procedures, includ-
ing the data collection, pre-processing methods, feature engineering, and the training process. Moreover,
an extensive review regarding the utilization of deep learning in HAR is also conducted. Finally, this paper
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discusses various challenges in the current HAR topic and offers suggestions for future research.

© 2020 Elsevier Ltd. All rights reserved.

1. Introduction

During the past decade, sensor technology has achieved excep-
tional developments in multiple perspectives, including computa-
tional power, size, accuracy, and manufacturing costs [1]. These ad-
vancements enable a wide range of sensors to be integrated into
smartphones and other portable devices to make them smarter
and more useful. In addition, the evolution of video surveillance
or closed-circuit television (CCTV) technology [2,3] has led to bet-
ter video quality, more straightforward setup, lower cost, and se-
cure communication. Therefore, an increasing number of applica-
tions utilizing CCTV systems for security and monitoring goals have
been proposed recently [4,5]. Although each type of sensor aims
at specific services and applications, sensors generally collect raw
data from their target ubiquitously [6], and general knowledge is
acquired by analyzing the collected data.

Human activity recognition or HAR, allows machines to ana-
lyze and comprehend several human activities from input data
sources, such as sensors, and multimedia contents [3]. The ini-
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tial work on HAR dates back to the beginning of the 1990s when
Foerster et al. showed an accuracy of over 95% for HAR under
a trickly controlled data collection [7]. Since then, the fast de-
velopment of smartphones, wearable devices, and CCTV systems
has motivated researchers to improve HAR systems under practical
situations. HAR is applied in surveillance systems [8,9], behavior
analysis [10], gesture recognition [11-13], patient monitoring sys-
tems [14,15], ambient assisted living (AAL) [16,17], and a variety of
healthcare systems [18,19] that involve direct interaction or indi-
rect interaction between human and smart devices. For instance,
patients with obesity, diabetes, or cardiovascular diseases have to
strictly follow a healthy, well-balanced diet and a regular exercise
schedule [20]. Hence, tracking daily activities is necessary to give
real-time feedback to patients about their progress and provide up-
to-date reports to clinicians. Similarly, patients who have declined
in mental ability or mental disorders must be monitored contin-
uously to identify unusual actions in time and thus prevent un-
wanted consequences [21]. Real-time feedback on soldiers’ actions,
positions, and vital status in tactical situations is fundamental to
develop their skills and ensure safety. Moreover, the feedback is
also a valuable parameter to assist the commander in giving orders
in training as well as combat situations [22]. However, it is consid-
ered a challenging research problem because there is no standard
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Fig. 1. Human activity recognition framework comprises of four main parts, (a) data collection for vision-based HAR (visual sensing technology) and sensor-based HAR
(various types of sensors); (b) data pre-processing, which performs essential pre-processing steps for the collected data; (c) training phase, which utilizes machine learning
(ML) or deep learning approaches to learn patterns from the collected data, and (d) activities recognition.

procedure to associate the collected data to a specific action, and
it is also technically challenging because of the massive volume of
data collected.

As classified previously in several studies, HAR can be divided
into two primary approaches: vision-based HAR and sensor-based
HAR based on the type of data being processed [23,24], as shown
in Fig. 1. The former analyzes images or videos obtained from opti-
cal sensors [9,25], whereas the latter concentrates on investigating
raw data extracted from wearable sensors and environmental sen-
sors [11,18]. Optical sensors can be differentiated from other types
of sensors based on the data type. While wearable sensors gen-
erate one-dimensional signal data, optical sensors create 2D im-
ages, 3D images, or videos. Wearable devices are representative ex-
amples of the sensor-based HAR because they are worn by users
to automatically detect and track many activities, such as sitting,
jogging, running, and sleeping [26]. However, a sensor does not
work when a subject is either beyond its range [27] or performs
unidentified actions [28]. On the other hand, CCTV systems have
been applied in vision-based HAR systems for a long time [9]. The
gestures and activities recognition systems based on analyzing the
videos have been intensively studied [15,29]. Furthermore, security,
surveillance [30,31], and interactive applications [32,33] are partic-
ularly benefited from this topic. During the last few years, a vast
majority of research has focused on vision-based HAR, because the
vision-based data are affordable and easy to collect compared to
the sensor-based data. Thus, this study only covers a small and
representative portion of the vision-based HAR studies.

For a long time, machine learning (ML) algorithms, such as
random forest (RF) [34], Bayesian networks [35], Markov models
[36,37], and support vector machine (SVM) [38,39] have been ap-
plied to solve the HAR problem. Under strictly controlled envi-
ronments and limited input data, traditional ML algorithms have
achieved remarkable performance. However, they require multi-
ple pre-processing steps and proper hand-crafted features, which
is inefficient and time-consuming [40]. In addition, the use of
shallow features leads to poor performance on incremental learn-
ing or unsupervised learning [40,41]. In recent years, deep learn-
ing has received great interest from the community because deep
learning-based research has achieved exceptional performance in

various research topics, including object detection and recogni-
tion [42], image classification [43], and natural language process-
ing (NLP) [44,45]. Compared to traditional ML algorithms, deep
learning considerably reduces the effort of choosing the right fea-
tures by automatically extracting abstract features through several
hidden layers, and the deep learning structure has been proved
to work well with unsupervised learning [46,47] and reinforce-
ment learning [42]. Therefore, there is a growing number of deep
learning-based HAR frameworks, which have been introduced re-
cently. For example, Oyedotun et al. trained a stacked autoencoder-
based convolutional neural network (CNN) on a public ASL static
hand gesture dataset containing 24 hand gestures [12]. After the
training process, the model achieved a recognition rate of 91.33%,
which has proved the potential of deep learning in HAR. In an-
other research, Pigou et al. examined deep learning for HAR in
video and introduced a novel deep neural network architecture
that incorporated bidirectional recurrence and temporal convolu-
tions [13]. After that, the experimental results showed that the
proposed model achieved state-of-the-art results on the publicly
available HAR database. Even though many reviews on deep learn-
ing [48,49] and HAR [24,50] have been conducted, only a limited
number of them cover both topics, and the fact that HAR is still in
its development leads to the introduction of many new concepts.

1.1. Real-world applications

The last decade has witnessed significant growth in the number
of HAR publications, and each study was dedicated to recognizing
specific activity types or behaviors. Table 1 discusses trending HAR
domains, including smart homes, healthcare, security and surveil-
lance, autonomous driving, and human-robot interaction. For each
area, two representative studies are selected, and the main re-
search contents are discussed in detail.

1.2. Relevant surveys
Table 2 investigates different aspects of HAR and provides de-

tailed contributions from eleven well-known research papers. Be-
tween 2012 and 2015, two comprehensive surveys on sensor-based



Table 1
Common research topics that frequently involve HAR. Two related work is described for each topic.
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ID  Domain Ref Research content
1 Security and [30] e Automatically identifies suspicious or violent activities from the surveillance video.
surveillance e An alarm is raised to alert the operator when potential suspicious activities happen.
[31] e [dentifies anomalies in CCTV videos based on deep learning.
e Collects and manually validates a huge dataset that contains real-world anomalies in CCTV videos.
2 Healthcare [51] e Uses multimodal wearable sensors to perform complex indoor HAR.
e Plants various object sensors in the environment to analyze those activities more effectively.
[17] e Uses automated feature engineering to improve activity recognition in the AAL application.
e Activities can be recognized using only smartphones or smartwatch with high accuracy.
3 Autonomous [52] e Recognizes the driver’s activity automatically by tracking eye and head status.
driving e Proposes a set of novel eye-based and head-based features for the driver’s activity classification.
[53] e Highlights research issues related to seamless interaction between human agents and automated vehicles.
e Discusses scientific tools and frameworks required for the future development of smart vehicles.
4 Human-robot [32] e Describes a novel robotic system for multi-sensor signal processing.
interaction e Shows promising results in multimodal HAR.
[54] e Proposes a model and a new algorithm that can automatically process videos recorded by a robot, while
it is interacting with people.
e Analyzes and recognizes a set of human emotions during the human-robot interaction.
5 Smart home [55] e Proposes a smart agent architecture and recognition mechanism in the smart home environment.
e Solves common issues in the smart home system, such as privacy, reusability, applicability and scalability.
[56] e Proposes a dynamic segmentation method for the data collected by sensors, which allows near real-time
activities classification.
e Introduces two new datasets that can reduce the undesired effects from sensor misconfiguration.
6 Entertainment [57] e Applies interaction force model to low-level features to detect group activity.
e Achieves good performance regardless of the surrounding conditions.
[33] e Proposes three full-body 3D gesture recognition algorithms.

e Introduces a simple gesture collection game prototype to evaluate the proposed algorithms.

Table 2

Summary of previous HAR reviews, which includes main contributions, publication year, and HAR group (S=Sensor-based HAR, V=Vision-based HAR).

ID

Ref

Year

V/S

Contribution

1

10

11

Wang et al. [64]

Abdallah et al. [23]

Raman et al. [63]

Wang et al. [62]

Morales et al. [61]

Cornacchia et al. [28]

Herath et al. [24]

Onofri et al. [60]

Wang et al. [58]

Tsitsoulis et al. [59]

Lara et al. [27]

2019

2018

2018

2018

2017

2017

2017

2016

2015

2013

2012

S

e Reviews deep learning-based HAR models and real-world applications for different kinds of sensors.

e Concentrates on applying ML and particularly deep learning for the HAR topic.

e Shows public HAR datasets frequently used by researchers.

e Discusses some limitations of deep learning-based HAR and proposes practical approaches to overcome these
limitations.

e Surveys two areas of HAR and data stream mining.

e Reviews the adaptation capabilities of HAR in the streaming environment.

e Categorizes the topic based on feature types.

e Shows the advantages and drawbacks of algorithms in each group.

e Summarizes common data mining techniques and ML algorithms for HAR.

e Summarizes crucial issues and difficulties that exist in previous research.

e Discusses recently proposed technologies and new approaches for HAR.

e Describes recent research in RGB-D based action detection and classification.

e Classifies HAR into four groups based on the sensor types, including visual-based, depth-based,
skeleton-based, and the combination of visual and depth camera.

e [nvestigates the strengths and weaknesses of previous systems.

e Highlights the importance of spatial temporal-structural data in the video sequence.

e Provides an overview of relevant signals, data capture method, and pre-processing process in sensor-based
HAR.

e Examines standard benchmarks to evaluate HAR.

e Repetitive activities, postures, falls, and inactivity was also studied.

e A comprehensive review of HAR and classification using wearable sensors.

e Reviews many types of sensors, such as accelerometer, gyroscope, pressure sensors, depth-based, and hybrid
modality systems.

e Categorizes previous works based on the ML algorithms, and whether the sensors data processing is
performed on-board or remotely.

e Conduct a comprehensive review of general processes for recognizing HAR.

e Shows pioneering methods in handcrafted representations and focuses on deep learning-based approaches.
e Focuses on HAR methods in video streams.

e Categorizes previous research by the way HAR is handled.

e Analyzes the main contributions and shows future research.

e Divides radio based-HAR into four categories: ZigBee, WiFi, radio-frequency identification (RFID), and others.
e Compares with state-of-the-art research to show the strengths and limitations.

e Provides future research directions for the HAR research topic.

e Reviews existing research and current approaches on vision-based HAR.

e Proposes a first-level self-evaluation method that includes a set of important features.

e Provides discussion for future research.

e Reviews state-of-the-art HAR systems using wearable sensors.

e Proposes a two-level taxonomy according to different learning approaches. e Discusses current issues,
challenges, and possible solutions.

e Evaluates twenty-eight HAR systems regarding classification accuracy, computational complexity, and
adaptability.
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HAR [27,58] and one review on vision-based HAR [59] were con-
ducted. Radio communication techniques for sensor-based HAR
were discussed in [58], whereas a survey on state-of-the-art wear-
able sensors-based HAR applications and the evaluation of twenty-
eight HAR systems on different perspectives were introduced [27].
For the vision-based review [59], the authors evaluate existing re-
search and recent vision-based HAR methods. In 2016, a survey on
the trending video streaming techniques for HAR was conducted
[60]. One year later, two reviews on sensor-based HAR [28,61| and
a study on vision-based HAR [24] were published. The role of dif-
ferent sensor types, which includes an accelerometer, gyroscope,
torque, and hybrid sensors, were analyzed in [28], whereas rel-
evant signals, data capture methods, and a pre-processing pro-
cess were investigated in [61]. In addition, pioneering methods
in handcrafted representations and deep learning approaches for
vision-based HAR was analyzed [24]. In 2018, recent research in
RGB-depth-based (RGB-D) HAR was discussed [62]. Another analy-
sis classified vision-based HAR based on different features in both
data streams and activity recognition [23]. In the same year, a sur-
vey on standard ML algorithms and data mining techniques applied
in HAR was introduced [63]. Most recently, recent deep learning-
based HAR models and applications for different kinds of sensors
were analyzed [64].

1.3. Contributions

As explained in the previous section, each study analyzes a par-
ticular aspect of HAR. Moreover, the introduction of various deep
learning-based HAR frameworks has recently added many new hy-
potheses, procedures, and applications. As a result, a comprehen-
sive survey on recent HAR research is crucial for stakeholders,
physicians, and researchers, who are preparing to integrate HAR
into existing systems or conducting new HAR research. This sur-
vey summarizes previous research, covers many aspects of HAR,
such as dataset collection, feature engineering methods, and activ-
ity recognition models, and draws an overall evaluation of HAR re-
search.

« A comprehensive review of sensor-based and vision-based HAR.

e Summarize and discuss publicly available datasets that have

been used in vision-based HAR and sensor-based HAR.

Categorize and analyze standard HAR data processing and fea-

ture engineering.

Investigate HAR research that implemented ML algorithms and

deep learning.

o Discuss existing challenges and show future directions for HAR
research.

1.4. Review techniques

During the preparation of this paper, a critical obstacle was to
search and filter the latest HAR literature. Firstly, research papers
were downloaded using relevant keywords, such as action recog-
nition, activity recognition, action feature representation, interaction
recognition, activity detection, gesture recognition, and action detec-
tion. Secondly, relevant papers from the reference section of ini-
tially selected literature were added. After that, research that is re-
lated to the HAR datasets was also included. Finally, the overall lay-
out for the manuscript was determined to cover all the selected lit-
erature. In addition, standard and representative methods are dis-
cussed in detail to help readers gain insights into those methods.

The remainder of this survey is divided into eight sections.
In Section 2, background information of human activities, sensor-
based HAR, vision-based HAR, and ML are provided. The data col-
lection process for sensor-based HAR and vision-based HAR is ex-
plained thoroughly in Section 3. After that, the pre-processing and

interactions

Fig. 2. Five degrees of human activities, including gestures, actions, human-object
interactions, human-human interactions, and complex group activities.

feature engineering processes are shown in Section 4. In Section 5,
ML and deep learning algorithms that are applied to HAR frame-
works are discussed. In addition, challenges and future research
trends for the HAR topic are provided in Section 6. Finally, the
conclusion, which includes the strengths and weaknesses of this
survey, is given in Section 7.

2. Background
2.1. Level of human activities

As described in Fig. 2, human activity can be divided into five
separate types/levels of activities varying from simple actions like
hand gestures to advanced group activities based on the difficulty
level and the activity length [65]. The final objective of HAR is to
train machines to identify and recognize activities accurately.

The description of each type of activity is shown below, where
the human-object interactions and human-human interactions are
combined and described as interaction.

e A gesture is a simple hand movement or other parts of the
human body to convey an idea or meaning. Facial expressions,
hand-waving, and head shake are examples of gestures. A ges-
ture is usually performed within a short period and is the sim-
plest activity among the four groups.

e An action is a simple activity that is carried out by humans
and involves several gestures. Examples of action are knocking,
swimming, and running.

e An interaction is an activity conducted by two agents. Hu-
man is one of the agents, while the other can be an object or
also human. Based on the agents’ nature, the interaction can
be classified into human-object and human-human interaction.
Wrestling, hugging, and shaking hands are the human-human
interaction examples, whereas an example of the human-object
interaction is the interaction between a person and a mobile
phone or a laptop.

e A group activity is the most complicated kind of activity that
requires over two people and may include interaction with one
or many objects. It involves a series of gestures, actions, and
interactions. A group study, a football match, and a presentation
are group activities examples.
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2.2. Sensor-based HAR and vision-based HAR

Assume that a person is doing a predefined set of n activities A,
which can be denoted as
A:AO,---vAn—l (1)

Multiple sensors are utilized to measure a list of attributes S of
k time series within a time interval I = [ty, t, ] to recognize these
activities:

S=50,...,Sk1 (2)
The goal of HAR is to discover a temporal partition <
Ip, ..., I;_1 > of I, using the list of attributes S, and a collection of

classes describing the activities that were conducted within each
time partition [;. The assumption indicates that the time partition
r—1
I; is continuous, non-overlapping, and UIJ =1
j=0

Vision-based HAR relies on visual sensing technologies, such as
CCTV and camera, to record human activities [2]. Although this ap-
proach does not require wearable or smartphone sensors, it relies
heavily on image quality. The image resolution, lighting environ-
ments, illumination changes, among others, are elements that de-
cide image quality. Since the collected data is a sequence of images
or digitalized audio data, computer vision (CV) and audio signal
processing technology are usually applied to perform data analysis
and recognize the activities. Some primary steps include feature
engineering, modelling, segmentation of activities, activity classifi-
cation, and activity tracking. The latter demands various sensors to
perform HAR [1]. The sensor is attached to a human body or the
surroundings to collect user’s activities continuously. The extracted
raw data are mostly time series data and additional environment
parameters, which are analyzed using statistical analysis, data fu-
sion, and probabilistic approaches.

2.3. Machine leaning and deep learning-based HAR

For a long time, signal processing technology [66] has been
used to analyze raw data collected from sensors. In contrast, CV
technology [9] was implemented to preprocess and extract hand-
crafted features from images or videos. These techniques could be
efficiently applied in feature engineering to create sensor-specific,
signal-specific, or domain-specific features. Next, the chosen fea-
tures were trained using ML algorithms to provide the classifica-
tion decision. However, the main weakness of the feature engineer-
ing technique is that the dataset is analyzed manually to select the
suitable features set, and then feature engineering is implemented
to extract the features and reduce features space [67]. This lengthy
process is compulsory whenever new datasets or new sensors are
used, which is complicated and unscalable.

For the past decades, deep learning has become a dominated
research topic that has reached human-level performance in vari-
ous research topics, including HAR. It performs well on big datasets
and automatically extract abstract features from sensor signals or
a sequence of images. Deep learning has outperformed traditional
ML algorithms, which were trained on hand-crafted and domain-
specific features [12,68]. As a result, it promotes the new solutions
for existing HAR problems, the introduction of larger datasets, and
real-time HAR systems. For example, the deep learning-based HAR
framework using smartphone sensors proposed by Hassan et al.
[69] outperformed all typical multiclass ML algorithms, including
SVM and artificial neural network (ANN). In another study, a CNN
model was used to extract local features and simple statistical
features [70]. The results showed that the proposed framework
reached state-of-the-art real-time performance with low compu-
tational cost. Finally, human fatigue expression recognition based

on deep bimodal learning was introduced in [71]. The mentioned
model overcame all previous algorithms with the recognition rate
of over 96%.

Table 3 shows the main differences between machine learning
and deep learning HAR research on three fundamental processes,
including data pre-processing, feature engineering, and learning al-
gorithm.

3. Data collection and benchmark datasets

Data collection, which refers to the acquisition of sensor signals
or videos, is a crucial part and foundation of any HAR system. As a
result, this section gives a thorough overview of important charac-
teristics of sensor-based data collection and vision-based data col-
lection. Moreover, a detailed description of benchmark datasets for
both sensor-based HAR and vision-based HAR is also provided.

3.1. Sensor-based HAR

The sensor-based HAR approach has been applied to various
real-world applications, especially smart home and healthcare. In
addition, the rapid development of wireless sensor network (WSN)
has led to a large amount of data being gathered from different
sensors, such as wearable sensors, object sensors, and environmen-
tal sensors. Table 4 describes the advantages and disadvantages of
three main categories of sensors, common sensor brands, and what
they measure.

3.1.1. Wearable sensors

The evolution of the Internet of Things (IoT) and mobile com-
puting in recent years [72] has created a perfect environment for
the development of wearable sensors. Wearable sensors are the
most prevalent sensor-based HAR. Three standard wearable sensors
include accelerometer, magnetometer, and gyroscope, which can be
conveniently worn by users [46,70] or integrated into portable de-
vices, such as smartphones, smartwatches, smart bands, glasses, or
helmets [73]. Human activities can then be detected by measur-
ing the signal differences before and after an activity. For exam-
ple, Hegde et al. introduced a wrist-worn sensor, which has an ac-
celerometer and gyroscope. This device performance is examined
by identifying a predefined set of activities of daily living (ADL).
The obtained result was over 94%, which proved that the proposed
device can classify ADL with high accuracy [74].

3.1.2. Object sensors

Object sensors refer to sensors attached to a particular object
to identify activities related to that object [75,76]. While wearable
sensors measure human activities directly, object sensors detect
specific objects movement to infer human activity. For example,
an accelerometer can be attached to a smart drinking cup to effi-
ciently analyze the user’s drinking habit and notify the user if the
daily water intake is insufficient [77]. In another scenario, RFID is
usually implemented in the IoT environment [26,78] and health-
care monitoring [79,80] to track and identify human or objects.
Object sensors are utilized less often than wearable sensors due
to high costs and setup challenges.

3.1.3. Environmental sensors

Different from wearable sensors and object sensors, environ-
mental sensors are usually planted in the surroundings to sense
accurate data on fundamental environmental parameters such as
humidity, temperature, CO2, and particulate matter (PM2.5). En-
vironmental sensors are used to monitor changes in the environ-
mental parameters when physical activities occur [81]. Since en-
vironmental sensors are highly sensitive to the change in the sur-
roundings, the adoption of suitable environmental sensors needs to
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Measurement, common brands, advantages, and disadvantages of three primary sensor categories, which include wearable sensors (WS), object sensors (ObS), and

Table 3

L. Minh Dang, K. Min and H. Wang et al./ Pattern Recognition 108 (2020) 107561

Comparison of machine learning-based HAR and deep learning-based HAR characteristics.

Process

Machine learning

Deep learning

Data pre-processing

Feature engineering

Learning process

Demands thorough data

pre-processing and normalization
methods to improve the performance.

features.

e Relies on manually extracted

e Depends on applications.
® Fails to deal with complicated

activities.

® Requires feature selection, and
dimensionality reduction approaches.
e Fails to handle the inter-class
variability and inter-class similarity.

e Works well on small training data.

e Requires limited computation time
and memory usage.

Data pre-processing and normalization

methods are not required.

e Learns abstract features from raw

input data automatically.
e Discovers spatial, temporal

dependencies and scale invariant

features from the input data
automatically.

® Requires large dataset to prevent

overfitting.

e High computational complexity.
e Requires specialized hardware to

accelerate the training process.

environmental sensors (ES).

Category  Sensor Measurement Common brands Advantages Disadvantages
WS Accelerometer Acceleration force ActivPAL [20,74], Cheap, durable, high Hysteresis error, sensitive to
(force and gravity) ActiGraph [73,82] sensitivity, high impedance temperature, and efficiency
and high-frequency response. decreased over time.

Gyroscope Angular velocity InterSense [22,83], Fast, lightweight, Expensive, dependence on the

Sparkfun [71] measures/maintains rotational rotation of the earth,
motion and higher resolution subjected to relative azimuth
compared to other force or tilt  drift, and does not measure
Sensors. linear motion in any direction.

Magnetometer sensor Geomagnetic field InterSense [84] Cheap, easy to set up, Sensitive, low precision and
consumes low power, and cannot be used with magneto
offers wide magnetic field torquers.
range.

Global positioning Geo-location, velocity, Garmin [67,85], Polar Free and directly measures Drains battery and does not

system (GPS) and timing [86] and Raveon [87] global 3D positioning. work indoors.

information

ObS RFID Radio-frequency UHF [76,88] Easy to install, secure, and can Costly, sensitive to external
store up to 2 KB of data. electromagnetic interference,

and limited coverage range.

WiFi Wireless signal Wireless router [75,89] Easy to install, secure, and Requires more resources.
wireless signal range is better
than RFID.

ES Pressure Pressure Barometric [90,91] High signal-to-noise ratio, Localized sensing, more
real-time interface and less intrusive, and requires the
user intervention. mold.

Barometer Atmospheric pressure Bosch [92,93] Measures altitude coordinates Low accuracy and easily to be
and also supports the rapid influenced by unfavorable
acquisition of atmospheric environment conditions.
pressure.

Temperature Temperature Infrared array sensor High-temperature range, direct ~ Corrosion and hard to

(Thermocouple) [86,94] contact, cheap, and provides calibrate.
fast response.

Sound Air pressure Mouser [95], Sparkfun Affordable and less user Requires more memory and

[94] intervention. has limited coverage range.

Radar Detection of any object  Radar sensor [58,96] Can penetrate Expensive, low spatial

within radar’s
detection cones

mediums/insulators, provides
accurate distance, velocity and
amplitude information.

resolution, and has limited
range.

be carefully planned based on the activities. Roy et al. applied en-
vironmental sensors in multi-inhabitant smart environments. Ex-
perimental results show high activity classification accuracy as the
environmental sensors produced remarkably richer data.

3.14. Hybrid sensors

Recently, researchers have increasingly utilized hybrid sensors,
a combination of different types of sensors for HAR applications
to improve activity recognition rate and model robustness [18,69].
Fig. 3 shows a hybrid sensors framework that can recognize 21
complicated indoor activities [97]. It includes three kinds of sens-

ing contexts, including body sensing (wearable sensors), environ-
mental sensing (environmental sensors), and location-sensing (ob-
ject sensors). Experimental results showed that the framework
reached state-of-the-art indoor activity recognition accuracy of
95%.

Table 5 summarizes ten publicly available datasets, which are
usually used for training the sensor-based HAR models. Most of
the datasets were collected using wearable sensors, such as ac-
celerometer, gyroscope, and magnetometer. Table 5 also reports
the number of participants in the data collection phase, the num-
ber of activities, the number of attributes, and the total sam-
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Table 5

Detailed description of publicly available datasets for sensor-based HAR, which contains dataset name, number of subjects (#Sub), number
of activities (#Act), number of attributes (#Attr), number of data instances (#Ins), sampling rate, year, devices (smartwatch (SW), wearable
sensors (WS), and smartphone (SP)), and sensors (accelerometer (A), gyroscope (G), magnetometer (M), and object sensor (O)).

ID Name #Sub  #Act  #Attr  #Ins Sampling rate  Year Ref Devices Sensors

S1 UniMiB SHAR 30 17 NA 11,771 1-32 KHz 2017 [98] SP A

S2  Real world 15 8 7 NA 50 Hz 2016 [99] SP&SW A

S3  UCI Heterogeneity AR 9 5 16 43,930,257  100-200 Hz 2015 [100] SP&SW A, G

S4  HASC 5 6 4 NA 10-100 Hz 2015  [101]  SP A, G, M, GPS
S5  UCI M-HEALTH 10 12 23 120 50 Hz 2014 [102] WS A, G, M

S6  UCI AR-HOP 14 7 9 75,128 NA 2013 [103]  RFID 0

S7  UCI HAR 30 6 561 10,299 50 Hz 2013  [104] SP A, G

S8  UCI OPPORTUNITY 4 6 242 2551 NA 2012 [105] WS Hybrid

S9  WISDM 29 6 46 5424 20 Hz 2012 [106] WS A

Model

Wearable | Ambient sensing
sensing
@ Activity
Accelerometer Temperature
5 Location sensing
#+ | @
, Location
Gyroscope |Humidity Barometer information
\/
~
@ -T2 @
Bluetooth
Wearable devices beacon
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Fig. 3. A hybrid sensor-based indoor HAR framework (WS=Wearable sensors,
ObS=0bject sensors, ES=Environmental sensors). Object sensors are used to collect
location information, whereas multiple wearable sensors and environmental sen-
sors are applied to monitor the activities and sense the surroundings. After that,
the data are fed into a model for classifying human activities.

ples. In addition, device, sensor types, and sampling rate are also
described.

Among the mentioned datasets, WISDM and UCI datasets (HAR-
AAL, HAR-US, and UCI HAR-US) are the standard ones, which are
frequently used to evaluate sensor-based HAR models. Recently,
they have also been utilized to measure the effectiveness of deep
learning-based models. The classification accuracy for the WISDM
dataset has exceeded 93%, while the classification accuracy was
over 97% for UCI datasets [70].

3.2. Vision-based HAR

In the last few decades, vision-based HAR has become a trend-
ing topic because it is applied in various real-world applications.
For example, it is essential to implement HAR for CCTV systems in
public places to ensure surveillance and security. Vision-based HAR
research can be divided based on data type, which includes RGB
data [12,107,108] and RGB-D data [9,25]. Generally, vision-based
HAR frameworks based on RGB data have achieved lower accuracy
compared to the RGB-D data [12,109], because multi-modal data
provide extra information and depth channels. However, configu-

ration complexity (complicated settings for each use-case of HAR),
computation complexity (big datasets), and high costs are why RGB
data are still being used extensively in the current HAR frame-
works.

3.2.1. RGB data

An RGB image contains red, green, and blue bands in the visi-
ble spectrum, which can be recorded using cameras equipped with
a regular complementary metal-oxide-semiconductor (CMOS) sen-
sor. For example, Zerrouki et al. implemented an efficient AdaBoost
classifier for HAR using CCTV video [108]. The proposed frame-
work was tested using two publicly available datasets, including
the URFDD dataset and the Universidad de Malaga fall detection
dataset. The experimental results proved that the model obtained
high classification accuracy on RGB datasets.

RGB data are highly available, affordable, and produce rich tex-
ture data of the subjects. However, the sensor has a limited range,
susceptible to calibration, and relies heavily on the environmen-
tal conditions, such as lighting, illumination, and cluttered back-
ground.

3.2.2. RGB-D data

Thanks to the development of depth sensors and range imag-
ing techniques [110], scientists can perform HAR more accurately.
As shown in Fig. 4, besides the original RGB data, RGB-D cameras
also capture depth information, which can help the algorithms to
recognize human activities more accurately.

In addition, skeleton data can also be extracted from the depth
data to provide a compact rendering of the human body’s skeleton,
as shown in Fig. 5. Skeleton data have a low-dimensional space[8],
which allows HAR models to perform faster. Thus, exploiting the
3D human joint from depth cameras is an attractive research di-
rection because it can be applied in numerous applications.

Cippitelli et al. proposed an effective HAR algorithm based
on skeleton data extracted from an RGB-D camera. The proposed
model achieved state-of-the-art results in two benchmark datasets,
the KARD and CAD-60 [112]. In another research, Jalal et al. in-
troduced a multi-fused features-based online for HAR based on
RGB-D sequences recorded by a Kinect device. The multi-fused
features contained two main feature types, including depth sil-
houettes and human skeletons. Extensive investigations on three
benchmark depth datasets proved that the introduced method ob-
tained state-of-the-art results [9]. RGB-D data have many advan-
tages compared to RGB data, such as robust against lighting con-
ditions, illumination changes, color and texture change, working
well even in the pitch-dark environment, and providing depth data.
However, RGB-D data have low resolution, introducing noise to the
images due to low sensitivity, and can be easily affected by some
materials, such as light-absorbing and transparent materials.

Table 6 presents 20 publicly available datasets, which are reg-
ularly used in vision-based HAR. It includes 13 RGB datasets and
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(a) RGB (b) RGB-D

Fig. 4. Comparison of the two types of data, (a) RGB image and (b) RGB-D that contains the corresponding depth data for the RGB. In an RGB-D image, each pixel indicates
a distance between the screen space and an object in the RGB image. Bright pixels, which are close to the camera, are having the highest value, and dark pixels, which are
far from the camera, are having the lowest values.
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Fig. 5. Skeleton model represented by the OpenPose system [111]. (a) 18 key points that can be identified by the OpenPose framework; (b) Two examples of skeleton
detected by the OpenPose.

Table 6
Detailed description of publicly available datasets for vision-based HAR, which in-
cludes dataset name, number of activities (#Act), number of videos (#Video), and

year.

ID Name #Act  #Video Year Depth  Ref

Vi HACS 200 1,550,000 2019 [115]
V2 Moments in Time 339 1,000,000 2019 [116]
V3 AVA 80 430 2018 [5]

V4 Kinetics-700 700 650,000 2019 v [113]
V5 MultiTHUMOS 65 400 2018 [117]
V6 20BN-something 174 220,847 2017 [118]
V7 Charades-Ego 157 7860 2016 [119]
V8 DALY 10 8133 2016 [120]
V9 ActivityNet 200 200 19,994 2016 [121]
V10  NTU RGB+D 60 56,880 2016 v [114]
V11 UTD-MHAD 27 861 2015 v [122]
V12 Sports-1M 487 1,100,000 2014 [123]
V13  Berkeley MHAD 11 660 2014 v [124]
V14 CAD-120 4 120 2013 v [125]
V15 UCF101 101 13,320 2012 [126]
V16  SBU Kinect interaction 7 300 2012 v [127]
V17 HMDB51 51 7000 2011 [109]
V18 UT-Interaction 10 180 2010 [128]
V19  Hollywood2 12 3669 2009 [129]

V20  HDMO5 70 1500 2007 v [130]
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7 RGB-D datasets. Most of the previously introduced RGB datasets
(HMDB [109] and UCF-101), and RGB-D datasets (Kinetics-700
[113] and NTU RGB+D [114]) contain a small number of activities
(from 10 to 60 activities). However, bigger and more challenging
datasets have been proposed recently. For example, the Kinetics-
700 dataset was introduced in 2017 [113], which has about 700
activities with a total of 650,317 videos. In 2019, two new RGB
datasets were proposed, which contained a huge number of videos
(HACS with 1,550,000 videos [115] and Moments in time with
1,000,000 videos [116]).

3.3. Discussion

Data collection is a crucial part of every HAR system because
the input data determine how the subsequent steps are conducted
and can influence the overall performance of HAR frameworks
[131]. In this section, the characteristics of standard sensors used in
sensor-based HAR and vision-based HAR are presented. Wearable
sensors, object sensors, environmental sensors, and hybrid sensors
are common types of sensors, which are being used in sensor-
based HAR. Among them, wearable sensors have been used the
most because they have become cheaper, smaller, so they can be
integrated into other devices. In contrast, hybrid sensors are in-
creasingly used in complex activity recognition applications be-
cause the combination of multiple sensors improves the model’s
robustness and performance. On the other hand, vision-based HAR
is performed on two data types: RGB and RGB-D data. Although
depth information from RGB-D data has proved to improve the
HAR performance, low-resolution data and the introduction of
noise are the reasons that current HAR frameworks are still using
RGB data.

For a long time, a host of carefully collected and validated
benchmark datasets has been used to verify HAR models’ effec-
tivenesss. Self-collected datasets and publicly available datasets are
two common types of datasets. In the self-collected dataset, a
dataset [70,132] and an optimal algorithm that works well with
that dataset are proposed. However, self-collected datasets require
extensive effort during the data collection process because it is
time-consuming to collect and validate the dataset manually. On
the other hand, benchmark datasets are often used by the re-
searchers to verify the proposed frameworks [98,99]. They are
larger than self-collected datasets, already been validated by ex-
perts, and have been widely applied in many HAR frameworks. As
a result, this section also discusses standard benchmark datasets
(9 sensor-based HAR dataset, and 20 vision-based HAR dataset),
which have been utilized to verify the effectiveness of HAR frame-
works.

4. Pre-processing and feature engineering

This section shows the pre-processing and feature engineering
processes that need to be conducted before feeding data into train-
ing algorithms. Data pre-processing is considered the most impor-
tant processes affecting the overall performance of HAR frame-
works. After a dataset is collected, it should be pre-processed to
minimize noise introduced during the data collection process and
the sensors themselves before feeding into an ML algorithm. For
sensor-based HAR, the pre-processing process involves both de-
noising and segmentation, whereas segmentation is the most com-
mon pre-processing method implemented for vision-based HAR.

After the pre-processing process, feature engineering, which in-
volves feature extraction and feature selection, are implemented
[17]. While feature extraction converts the input into a set of fea-
tures without losing valuable information, feature selection per-
forms dimensionality reduction on the extracted features to re-
duce the high-dimensional data and prevent the overfitting prob-

lem. Fig. 6 shows standard pre-processing and feature engineering
methods for sensor-based HAR and vision-based HAR.

4.1. Sensor-based HAR

After the data collection process, data pre-processing, which is
the initial step in the sensor-based HAR pipeline, is implemented.
After that, the feature engineering is conducted to choose the most
suitable feature set to train ML models.

4.1.1. Pre-processing
Two primary data pre-processing methods for sensor-based
HAR are denoising and segmentation.

e Denoising: Sensor data usually contain noise due to miscali-
bration, malfunction, placement errors, noisy ambient environ-
ments, and multiple activities. As a result, data pre-processing
techniques have an important role in mitigating the generated
noise. Standard denoising methods are low-pass filter, mean
filter [133], linear filter [134], wavelet filter, and Kalman fil-
ter[135]. Ignatov et al. noticed that noise occurred during the
data collection process. Therefore, they implemented the sin-
gular value decomposition technique to reduce noise [136]. In
other research, the pre-processing process for sensor data was
proposed [137]. For each input signal, the authors generated a
new signal based on integrating white noise as random noise
into the target signal. White noise reduces the noise caused by
human’s dynamic actions and maintains components that have
a low frequency.

Segmentation: Activity usually lasts for a comparatively long
time compared to the sensors sampling rates. Therefore, a sin-
gle sample extracted from a sensor at a specific time instance
does not give sufficient data to identify an activity. As a re-
sult, collected signals must be segmented using the segmenta-
tion approach instead of relying solely on a sample basis. Data
segmentation splits the data stream into various fragments,
which then can be mapped into a specific activity [138]. It can
be categorized into time-driven windows segmentation, event-
driven windows segmentation, and action-driven windows seg-
mentation. Time-driven windows segmentation separates the
signal into numerous consecutive windows of fixed-size time
intervals, while the event-driven windows method applies es-
timation methods to separate sensor signals into event-based
windows. Finally, action-driven windows segmentation detects
the windows where individual activity occurs. Although these
methods work well with real-time applications and do not re-
quire any pre-processing techniques, they are especially sen-
sitive to the window size. As a result, Hammerla et al. intro-
duced a 1-second sliding window with a 50% overlap to create
a HAR dataset that contained approximately 650,000 samples
using wearable sensors [139]. The preliminary results showed
that the proposed model outperformed previous studies on the
collected dataset. On the other hand, an adaptive sliding win-
dow segmentation approach for physical HAR based on a tri-
axial accelerometer was introduced to solve the weaknesses of
fixed-size sliding window methods [140]. The window size is
adaptable by analyzing information from the sensor signal.

4.1.2. Feature extraction

Feature extraction is then implemented to extract essential
features from the pre-processed data based on distinctive char-
acteristics, such as signal frequency and signal phase. Based on
given signal properties, feature extraction methods can be di-
vided into frequency-domain and time-domain approaches. Time-
domain methods usually extract median, variance, mean, range,
kurtosis, and skewness features [9,141], whereas spectral entropy,
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Fig. 6. Standard pre-processing and feature engineering methods for sensor-based HAR and vision-based HAR.

spectral power, peak power, and peak frequency are features be-
longing to the frequency domain approach [69,70]. The wavelet-
domain features approaches have recently gained more attention
because wavelets can be used for the feature extraction by cal-
culating wavelet energy in the components (mean-absolute-value,
root-mean-square) [142].

o Time-domain approach (TD): In this approach, time-domain
features (TDFs) are extracted based on the amplitude variations
of signal over time [143]. TD methods can perform real-time
computation because no transformation is required on embed-
ded systems. In addition, the amplitude and phase of a signal
at any given instance can be analyzed quickly using extracted
TDFs. However, signal frequency information is missing in the
TD approach.

Frequency-domain approach (FD): Frequency-domain features
(FDFs) are extracted based on the frequency variations of a sig-
nal over time. While TD approach shows how a signal changes
over time, the FD approach presents how much of a signal re-
mains inside each frequency band over a range of frequencies
[144]. Therefore, various transform operators are necessary to
convert a signal into a variety of frequencies in the frequency
domain approach. The FD methods need enormous computa-
tional power, so it is not suitable for low-power wearable de-
vices.

Wavelet transform (WT): Wavelet transform decomposes a sig-
nal into a set of basic functions referred to as wavelets. For ex-
ample, discrete wavelet transform (DWT) [145], an extension of
WT, converts a discrete-time signal into a discrete wavelet rep-
resentation. Although the higher resolution is obtained when
a signal is decomposed into wavelets rather than frequencies
[142], WT requires extra computational power and demands a
long time to select proper wavelet energy.

4.1.3. Feature selection

Feature selection chooses a subset of features that is important
for classification algorithms to make decisions [146]. In addition, it
reduces high-dimensional spaces and time complexity by remov-
ing irrelevant features. An alternative approach to feature selection

is representation learning, where the models concentrate on ana-
lyzing the data to extract a good feature set [107].

Wrapper methods [147], filter methods [14], and embedded
methods [148] are three main methods of the feature selection
process. Filter methods exploit the inherent characteristics of vari-
ables/features to select a subset of features using the correlation
coefficient to rank the original features. Moreover, the filter-based
feature selection does not use any classifier to evaluate the ex-
tracted feature subset. Unlike filter methods, wrapper methods
have been proved to achieve better performance because many
classifiers are applied to judge the performance of the selected
subsets [147]. On the other hand, embedded methods choose the
best feature subset by calculating the optimal weights of a function
that has achieved high results previously. Embedded methods are
similar to wrapper approaches and can be used in multiclass and
regression problems. Dawn et al. conducted a comprehensive sur-
vey of feature selection methods for HAR applications [149]. The
authors categorized and analyzed each type of feature selection
method and also gave advantages and disadvantages of each fea-
ture selection method, which can help readers gain an insight into
the feature selection process for HAR.

4.2. Vision-based HAR

Vision-based HAR is a challenging topic because it involves a
variety of activities and interactions between subjects [2]. In ad-
dition, complex backgrounds, occlusion, viewpoint variations, and
lighting conditions make the vision-based HAR even more difficult.
Therefore, segmentation and feature engineering processes play a
crucial role in improving the performance of HAR applications.

4.2.1. Segmentation

Segmentation is an essential process that extracts the target
subjects from a sequence of images or videos. It is classified into
background construction and foreground extraction [150]. Back-
ground construction-based methods first construct the background
information, and then objects of interest are identified by ana-
lyzing the difference between the most recent frame and the ex-
tracted background [151].



L. Minh Dang, K. Min and H. Wang et al./Pattern Recognition 108 (2020) 107561 1

Table 7
Advantages and limitations of two video segmentation approaches (background construction and foreground extraction).
Type Model Advantage Disadvantage Ref
Background Basic e Easy to implement Weak against complicated and [153,154]
construction e Low computing power multimodal backgrounds
Statistical e Works well with multimodal backgrounds e Poor performance on videos [155-157]
e Adaptive parameters with unstable illumination or
lighting condition
e Complicated
e Gaussian function can
impact overall performance
Fuzzy Works well with dynamic backgrounds, e Unable to detect objects that  [158-160]
shadow and complex illumination have the same gray level as
the background
e Manually threshold value
Neural network Handles unstable lighting, dynamic Overfitting problem [151,161,162]
backgrounds and bootstrapping issues
Others Fast and easy to implement Poor performance on dynamic [163-166]
background
Foreground extraction Optical flow e Deals with occlusion and distortion Complex and time-consuming [167,168]
e Works well with video recorded by moving
camera
Temporal information e Performs on video captured by moving Sensitive to noise [152,169]
camera,
e Easy to implement
e Low computing power
Markov Random Fields e Preserves boundaries for segmented objects High computing power [150,170]

e Works well with complicated backgrounds

Table 7 presents the main advantages and limitations of dif-
ferent video segmentation methods. The background construction-
based segmentation is highly efficient in tracking fast-moving ob-
jects recorded by fixed cameras, requires low computing power,
and is simple to deploy. On the other hand, for foreground
extraction-based segmentation, human activities are recorded by
a pan-tilt-zoom camera or camera mounted on moving objects,
such as moving robots, cars, and unmanned aerial vehicles (UAVs)
[152]. It is challenging to perform segmentation in this sce-
nario compared to the one recorded by fixed cameras as the
background and foreground keep changing. Therefore, foreground
extraction-based segmentation is implemented instead of the
background construction-based technique. Temporal-information,
spatial-information, or spatiotemporal information are analyzed to
extract the object from the video, and then subsequent frames are
used to obtain feature-based information.

4.2.2. Feature extraction

Handcrafted feature-based representation is a traditional fea-
ture extraction method that has been used for a long time, and
it has produced remarkable results in many HAR applications
[29,137]. This approach assumes that each dataset has a represen-
tative feature set, enabling a learning model to achieve the best
performance. However, it is time-consuming and inefficient be-
cause the feature set is selected and validated manually by ex-
perts. Three conventional feature-based representation approaches
are global feature extraction, local feature extraction, and depth-
based feature extraction, which are shown in Table 8.

e Global feature representation approaches collect and encode
global descriptors as a set of features directly from videos or a
series of images. In addition, background subtraction is applied
to localize and extract silhouettes region of interests (ROIs) and
shapes of a target subject. Many studies encoded the ROIs us-
ing optical flow, corners, edges, or ridges as global descriptors
[171,172], while other work [173-175] stacked the silhouettes
ROIs alongside the time axis to create the 3D space-time di-
mensions. Furthermore, DFT [46,176], which extracts FD data
from the ROI, is also considered a global features representation
method. Global features representation methods were applied

in initial HAR research and have slowly become obsolete be-
cause of the poor performance on videos with occlusions, noise,
and changes in viewpoints.

Local feature representation methods use local descriptors to
represent input images and encode them as single features in-
stead of extracting the shapes or silhouettes. They concentrate
on particular local patches, which are exploited by dense sam-
pling or interest point detectors. Histogram of oriented gradi-
ents (HOG) is among the basic methods to extract local descrip-
tors by counting gradient orientation occurrences in localized
parts of an image. Although the scale-invariant feature trans-
form (SIFT) and HOG are both local feature detectors, SIFT con-
verts an input image into a huge collection of local feature vec-
tors and requires more computing power. As a result, SIFT is
unsuitable for real-time applications. An improved approxima-
tion of SIFT, the speed-up robust feature (SURF), was proved to
run faster than SIFT and preserved the detected points’ qual-
ity [178]. The shape-based local feature descriptor was initially
developed to find matching points between object shapes. It
mainly creates a log-polar histogram of edges for each point
around a shape. Edge structures near the reference point are
sampled with greater detail than structures that are far away
because the histogram bins get larger with a growing radius.
Most local feature representation methods demonstrate their
robustness against partial occlusions and noise.

Semantic feature representation approaches imitate the human
perception of an activity. Perception is an essential element
that helps humans perceive and recognize any action based
on the visual analysis of body postures obtained from videos.
The human perception is also based on additional information,
such as scenes or contexts, visual features of the activity, and
objects that are usually related to activities [65]. Three main
semantic feature representation methods are pose estimation,
appearance-based approach, and the 3D approach. The pose es-
timation relies on deformable part models, such as body part
detectors that consist of multi-stage processing [182,183]. On
the other hand, appearance-based methods extract visual fea-
tures that link high-level semantic features to low-level appear-
ance features [107,184]. The appearance-based techniques are
divided into two subgroups, local features or global features.
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Table 8
Advantages and limitations of the three features representation methods (global features, local features and semantic-based features).
Type Model Advantage Disadvantage Ref
Global feature 2D silhouette Obtained easily from the e Depends heavily on the [171,172]
depth data background model
e View-dependent
Space-time volumes Does not need background Sensitive to noise and [173-175]
subtraction occlusion
Discrete Fourier transform e Simple implementation No spatial/temporal [46,176]
e Low computing power localization
Local feature SIFT e Invariant to geometric and e High-dimensional features [4,177]
photometric transformation e High computing power
e [nvariant to 3D projection
and illumination changes
SURF Fast and robust e Patented [2,178]
e Poor performance on
high-dimensional data
HOG Invariant to geometric and e Only used for human [29,30,179]
photometric transformations detection
e Subject size can impact the
performance
Shape-based features ® Robustness to noise Depends on silhouette [180,181]
e Similar to human segmentation
perceptions
Semantic Pose estimation Robustness to inter-class Hard to extract the pose [182,183]
feature variations accurately
Appearance-based features Includes contextual Sensitive to intra-class [107,184]
information variations
Depth map Provides both geometry and e Occlusion problem [8,180]

visual information

e Introduces noise in both

spatial and temporal cases

For the 3D semantic feature representation, the depth map data
are collected together with the RGB data using the RGB-D cam-
era. After that, human activity analysis can be implemented by
operating directly on the depth map data or extract skeleton
data and perform joints position detection [8,180].

4.3. Discussion

This section introduces and analyzes the pre-processing and
feature engineering processes of a typical HAR framework. The
output is an optimal set of features that improves both the model
performance and reduces computational complexity. For sensor-
based HAR, denoising is applied to reduce noise introduced dur-
ing the data collection process. After that, the segmentation pro-
cess is implemented for both vision-based HAR and sensor-based
HAR. Based on the applications, the time-domain feature approach,
frequency-domain feature approach, or wavelet-domain feature ap-
proach is applied to extract distinctive features from the pre-
processed signal. On the other hand, the global representation ap-
proach, local representation approach, or semantic representation
approach is implemented to extract features from vision-based
HAR.

5. Learning algorithms

In recent years, the exponential growth of sensors has brought
a more efficient and straightforward data collection processes for
HAR applications, so the amount of data produced is truly mind-
boggling [118]. In order to analyze, recognize patterns, and to ac-
quire general knowledge about a dataset, useful features are ex-
tracted from the dataset to feed into ML algorithms.

Generally, ML algorithms are grouped into generative models,
discriminative models, and template-based models, as shown in
Table 9. For a set of input data X and activity classes Y, the gen-
erative approach models the joint probability distribution Pr(X|Y),
then derives the posterior distribution Pr(Y|X) to select a correct
activity class Y [185]. On the contrary, the discriminative approach
uses a conditional probability distribution Pr(Y|X), which indicates

the natural distribution to classify a given input X to an activity
class Y instantly. Standard generative algorithms are Markov mod-
els, Bayesian models, mixture models, and deep belief networks
(DBN). In contrast, decision tree, evolutionary algorithms, K-nearest
neighbors (KNN), SVM, fuzzy logic, regression, and neural networks
are typical discriminative algorithms. In addition, template-based
approaches, such as template matching and dynamic time warp-
ing, are also used for vision-based HAR.

5.1. Generative model

The generative model is the earliest semi-supervised learn-
ing approach, and it has been applied in statistics for a long
time [185,186]. Generative approaches output the joint probabil-
ity Pr(X|Y) based on a set of inputs X and a set of labels Y. Then
Bayes rules are used to obtain the posterior distribution Pr(Y|X)
to predict the most suitable class y for an input x. The genera-
tive model achieves good performance when the training dataset
is small [202]. Thus, it is robust and less prone to the overfitting
problem. However, it has fewer degrees of freedom compared to
the discriminative model.

5.1.1. Bayesian networks

Bayesian networks are probabilistic graphical models that use
Bayesian inference to compute the probability [186]. Bayesian net-
works express conditional dependencies through edges in a di-
rected graph. After that, the probabilistic inferences of random
variables in the graph can be efficiently derived through the con-
ditional dependencies. Although Bayesian networks have all advan-
tages of the generative model, attribute independence is its most
significant weakness. For example, the Naive Bayes (NB) model
only works when all features under consideration are independent
[203]. However, the assumption causes many problems when the
features are extracted from acceleration signals and physiological
signals because these signals are highly correlated.

A generative framework based on the Bayesian network was
proposed to address the structural variabilities of complicated HAR
[185]. The authors applied a new process to describe the distinctive
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Table 9

Description of three main learning approaches, which includes generative methods, discrimina-

tive methods, and others.

Group Type Algorithm Ref
Generative Bayesian Bayesian network [186]
Naive bayes [1,9]
Markov model Hidden Markov Model [9,187]
Mixture model Gaussian mixture model [188]
K-means [188]
Restricted Boltzman Deep belief network [189]
Machines Deep Boltzmann machine [69]
Deep autoencoder Sparse autoencoder [190,191]
Denoising autoencoder [46,192]
Discriminative Decision tree C4.5 [193]
Random forest [194]
Random fields Conditional random field [195]
Lazy learning K-nearest neighbors (KNN) [1,196]
Transform domain Support vector machine (SVM) [1,4,30]
Fuzzy logic Fuzzy inference [10,142]
Regression Logistic regression [193]
Adaptive regression [197]
Neural network Multilayer perceptron [198]
Convolutional neural network [68,199]
Recurrent neural network [200,201]
Others Template-based Template matching [186]
Dynamic time warping [1,9]

configurations of the activity explicitly. In another work, a graph-
based HAR framework was demonstrated [35] that combined the
hierarchical action semantic dictionary and Bayesian graph model
inference. Moreover, the authors applied a recursion-based ap-
proach to perform vision-based HAR.

5.1.2. Markov model

A Markov model is a stochastic model that contains states and
events represented by transitions and is often applied to tempo-
ral and sequential data because it can adequately describe the
dependencies of current data with previous data. Hidden Markov
model (HMM) belong to statistical Markov models, which pre-
sumes that the states of the Markov process are unobservable, and
each state emits a discrete random output [37]. A good fine-tune
HMM model has been proven to obtain better compression than a
simple Markov model, allowing more significant sequences to be
detected [204]. Although HMM is a well-known solution to solve
the speech recognition problem [204], it has recently been adopted
to recognize human activities. For each video, features that repre-
sent all pixels in each mesh are extracted from each frame. Next,
the extracted features (confusion matrix, the initial probability of
hidden states, and the transition matrix) represent each activity are
fed into the HMM. However, HMM needs to be trained on a set of
sequences and require a bigger seed than simple Markov models.
Moreover, there are many possible HMMs for a given set of se-
quences, and it is challenging to select the best one.

An activity recognition framework for spinal cord injury pa-
tients based on augmenting an RF classifier with an HMM static
state estimator was introduced [37]. The results showed that the
proposed system obtained 88.9%%, which demonstrated a signifi-
cant improvement compared to when only the RF classifier was
used. In addition, a human sensing system based on HMM was
proposed to categorize six human actions using data collected from
the smartphone accelerometers and gyroscopes [205]. The model
showed the best recognition error rate of 2.5% on the proposed
dataset.

5.1.3. Mixture model
A mixture model is a probabilistic model representing the ap-
pearance of sub-populations in the overall population without

knowing the sub-population information [206]. A mixture model
correlates with the mixture distribution that depicts the probabili-
ties of occurrence of observations in the entire population.

The Gaussian mixture model (GMM) assumes that all data
points are the results of a combination of a finite Gaussian dis-
tributions number with unknown parameters [207]. For HAR ap-
plications, a separate GMM can be trained for each activity, and
the final classification model is based on the GMM that achieved
the highest probability. Global minimum convergence is not guar-
anteed, and the expectation-maximization (EM) algorithm needs to
be implemented are two main weaknesses of the GMM [206]. A
temporal GMM was introduced by Muaaz et al. to match actions
in an unsupervised temporal segmentation and recognition for hu-
man motion data [188]. The technique obtained an average accu-
racy of 72% on merged activities conducted by several participants.

K-means is a particular case of GMM that attempts to divide
a given dataset into a fixed number (k) of clusters [208]. Ini-
tially, a k number of centroids are randomly selected, and data
from the dataset is assigned to the cluster centroids according to
the distance, such as Euclidean, until it converges. K-means per-
forms poorly when overlapping clusters occur. A K-mean cluster-
ing framework was proposed to differentiate three basic human
forearm movements based on a single wearable wrist-worn de-
vice [209]. Four healthy participants and four survivors of strokes
were involved in a series of experiments, and the obtained results
showed that the mentioned framework correctly identified three
types of actions with an average accuracy of 88%.

5.14. Restricted Boltzmann machines

Restricted Boltzmann machines (RBMs) proposed by Geoff Hin-
ton [210] are the original deep learning model applied to unsu-
pervised learning. This model recognizes data patterns by recon-
structing input data with just two layers (the visible and hidden
layers). When an input is fed into an RBM model during the for-
ward pass, it is encoded by the visible layer. After that, the visible
layer is translated into a set of numbers. On the other hand, RBM
takes the translated set of numbers and converts them to the visi-
ble layer to restore the inputs.

Since the introduction of RBMs, many deep learning methods
for HAR have been introduced. For example, Deep belief network
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(DBN) is a generative graphical model and a class of RBM [189].
DBN contains a stack of restricted Boltzmann machines in charge
of detecting features, each RBM layer has connections with both
the previous and the next layers, but hidden units in each layer
have no relationship with each other. The stacked structure allows
DBN to be applied in both supervised and unsupervised scenar-
ios. A functional classifier can be created in the supervised appli-
cationsby adding a final softmax layer to the existing DBN struc-
ture [189]. In contrast, DBN can be applied to segment unlabeled
data in the unsupervised scenario. The HMM can be considered as
a reduced DBN, which has fixed graph structures and a restrained
number of random variables.

The deep belief network was applied to obtain different fea-
tures from input data recorded by different sensors and then form
a stochastic temporal HAR based on HMM [37]. Moreover, research
by Triboan et al. [138] utilizes DBN for real-time feature explo-
ration for HAR. However, the proposed framework was trained lo-
cally with initialized parameters, backpropagation, and the classifi-
cation performed by SoftMax Regression due to the computational
complexity of deep learning.

5.1.5. Autoencoder

Autoencoder (AE) has recently become a trending deep learning
approach in unsupervised learning [211]. It consists of two sym-
metrical DBN that has multiple layers representing the encoding
half of the net and second set of multiple layers that make up
the decoding half. It is trained to learn useful components that
can be used to reconstruct the inputs and discard any compo-
nents that are not typical features. As a result, AE tends to ac-
quire representation in the hidden layer and rejects noise from the
input.

Two common extensions of the autoencoder model are sparse
autoencoder [46], and denoising autoencoder [191]. Denoising au-
toencoder was proposed by intentionally adding noise to the in-
puts, and then the autoencoder is trained to recover the original,
nonperturbed signal. The authors found that they could improve
the robustness of their internal layers (i.e., latent-space represen-
tation) by purposely introducing noise to their signal. Allow the
autoencoder’s hidden layers to learn more robust filters and pre-
vent it from learning a simple function, and reduce the risk of
overfitting in the autoencoder. With a different approach, sparse
autoencoder is introduced to deal with sparse and overcomplete
features from raw input by customizing the model loss function to
deal with sparsity and assign different active units close to zero.
It is highly efficient in extracting low dimensional features from
complicated and high dimensional data, including videos, images,
Sensors.

A new HAR approach based on wearable sensors was intro-
duced by Wang [190]. The authors applied continuous autoencoder
(CAE) as a new stochastic function, which significantly improved
the model classification rate to 99.3%.

5.2. Discriminative model

The discriminative model is considered more straightforward
than the generative model, and it has achieved high performance
when the training data is sufficient [202]. The discriminative model
is usually used in supervised ML by learning a decision boundary
using the posterior probability Pr(Y|X) directly from the training
data samples. After a model is trained, it can classify unobserved
input data X into a class Y. Linear regression and logistic regression
are standard classifiers of the discriminative model.

5.2.1. Decision tree
A decision tree is a tree-like algorithm where non-leaf nodes
denote attributes or features, branches represent a conjunction of

features that lead to the decision, and leaves represent the class
label [212]. A decision tree that uses a discrete set of values is re-
ferred to as a classification tree. On the other hand, a regression
tree is a decision tree that is fed continuous variables.

RF is a supervised ML algorithm that contains many decision
trees. The training process gradually improves system performance
by applying randomization and bootstrap aggregating methods to
generate several decision trees [34]. RF decides a class for a new
sample based on a majority vote of all decision trees from the for-
est. RF can be implemented quickly for both regression and classi-
fication problems. However, it requires huge computing power and
a large dataset to achieve good performance.

A novel framework to identify important poses for each action
window was proposed in [194]. The authors extracted geometrical
and temporal features from each action window. After that, they
extended RF classifier by applying a differential evolution meta-
heuristic algorithm to split the tree node. The proposed algorithm
was trained in a considerably short time, and it achieved similar
accuracy as previous state-of-the-art frameworks.

5.2.2. Conditional random fields

Conditional random fields (CRFs) is a discriminative model that
is usually used for labeling and clustering structured data, such
as lattices, trees, and sequences [213]. It is based on the condi-
tional distribution concept with an associated graphical structure.
The conditional distribution characteristic allows the implicit rep-
resentation of input variables, enables the extraction of rich and
global features from the input data, and prevents the label bias
problem.

Liu et al. proposed a coupled hidden CRFs model for HAR by
combining RGB and depth information [195]. It improves the origi-
nal hidden-state CRFs model from one-chain structure to multiple-
chain structure (multimodel data). The authors also introduced in-
ference methods and a training model to explore potential associ-
ations between depth information and RGB and the temporal con-
text of the model for a particular modality. Experimental results on
three benchmark datasets showed that the proposed model out-
performed state-of-the-art models by analyzing additional charac-
teristics of both RGB and depth modalities.

5.2.3. Transform domain

The SVM algorithm is a well-known discriminative model and
has been extensively applied in HAR. It discovers an optimal hyper-
plane that separates the training data into two distinct classes and
gives a maximum margin between the hyperplane and any sam-
ple from the training set [38]. Traditionally, SVM is a linear clas-
sifier that is utilized to perform the binary classification problem.
However, SVM can also perform a non-linear classification problem
by using a kernel trick [214]. Non-linear kernel functions are ap-
plied to transform the data in the original dimensional space into
a higher-dimensional space. The kernel trick allows the SVM clas-
sifier to adapt well to relatively high dimensional data. However,
it is challenging to choose an appropriate kernel function and op-
timal hyper-parameters. Moreover, non-linear SVM requires more
training time when the number of training samples in the dataset
increase.

Cippitelli et al. used an RGB-D camera to extract the skele-
ton data [112]. After that, feature vectors are obtained from the
skeleton data to train a multi-class SVM model. The experiments
conducted on five publicly available datasets showed that the
model performed well and overcame state-of-the-art results for
both KARD and CAD-60 datasets.

5.2.4. Lazy learning
K-nearest neighbors (KNN) algorithm is a lazy learning ap-
proach that can directly classify a new test sample based on exist-
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ing samples [215]. Euclidean distance [215] is often used to com-
pute the similarity distance between samples. The label for a new
sample is decided using a majority vote of its k nearest neighbors
based on the Euclidean distance. For example, if k is equal to 1,
then the label is set similar to the label of that nearest neighbor.
One noticeable limitation is that the computational complexity in-
creases when a new class is assigned, and a new sample is added
to the existing dataset.

An optimized KNN classifier, which automatically searches for
an optimal k parameter to minimize the misclassification errors of
the KNN classifier, was proposed [196]. The authors examined the
proposed model on ten standard activity recognition datasets and
proved that the proposed model obtained lower error rates than
GA and artificial bee colony algorithms.

5.2.5. Deep learning

Deep learning is a subset of ML that imitates the network
of neurons in the human brain, enabling the computer to deal
with complicated problems and reach human-level performance.
Through the backpropagation process, it automatically extracts ab-
stract features from input data [216]. Deep learning algorithms
work well with large datasets, and they can even work with inter-
connected and unstructured datasets. The more data deep learning
algorithms are trained on, the better the performance they achieve
[216].

In the last few years, many kinds of deep learning models
have been introduced, and each kind was dedicated to a particular
problem with a set of representative datasets. Multilayer percep-
tron (MLP) [217], CNN [218], and recurrent neural network (RNN)
[201] have been confirmed to perform well in various applications.
Table 10 discusses the main contributions, datasets, experimental
results, field, and year published of various deep learning-based
HAR research.

A collection of input and output pairs are usually fed to MLP, so
the model can learn to find the dependencies between the input
and output pairs. MLP only uses the fully connected layers, where
each perceptron connects with every other perceptron. The learn-
ing process includes the backpropagation that adjusts the weights,
biases, and parameters of the model by finding the minimal error
(root mean squared error (RMSE)). Because MLP only contains fully
connected layers, the total number of parameters can increase ex-
ponentially when the number of layers increases. Another problem
of MLP is that it uses flattened vectors as inputs and ignores spa-
tial information [217].

CNN is currently the most used deep learning approach to deal
with many practical problems, such as image classifications [218],
object detections, and NLP topics [189]. It stacks a list of convo-
lutional layers, pooling layers, fully connected layers, and a func-
tion to give the final output. The CNN architecture was constructed
to completely utilize the 2D data structure, such as images,
speech, or signal. CNN has inbuilt translation invariance because
there are robust connections and tied weights between hidden
units.

RNN [201] is a subset of deep learning based on the principle of
extracting the output of a layer and feeding this back as the input
of another layer to predict the output of the current layer. In each
time step, RNN considers both the current input and the previ-
ously received inputs, because it memorizes previous inputs using
the hidden state features. Although RNN is specifically designed to
handle sequential data, it suffers from the vanishing/exploding gra-
dient problem. As a result, RNN fails to deal with long sequences
if tanh is applied as the activation function, whereas the model is
unstable if relu is used. In addition, RNN layers cannot be stacked
into a very deep model because the saturated activation functions
make the gradient decay over layers.

5.3. Other models

5.3.1. Template-based approach

Template matching techniques verify parts of a source image
resemble a given template image [223]. There are two primary in-
puts (a) a source image and (b) a template image. Template match-
ing techniques depend solely on the image, so they are susceptible
to background changes, background clutter, scale changes, and il-
lumination. In HAR applications, a template matching technique is
applied to recognize similar activities in a source image and tem-
plate images based on a pixel-by-pixel basis. However, there are
some obvious limitations, such as affine variant and highly ineffi-
cient computational power due to multiple templates comparison.

A template matching-based sports activities classification
framework using data recorded by accelerometer sensors was
proposed in [223]. The proposed method showed robust results
through various experiments, even with data generated by a new
subject. A multi-view HAR model based on temporal template
matching was introduced by Kushwaha and Srivastava [224], where
activity templates were constructed using spatial pose information.
The experimental results on three primary datasets proved that the
demonstrated framework was robust and achieved high recogni-
tion rates.

Dynamic time warping (DTW) is a robust template matching al-
gorithm based on time series data. It has been extensively applied
in speech recognition topics because it can minimize the distor-
tion and shifting effect in time series data [225]. DTW algorithm is
usually applied to warp and align segments in time, and it can be
adapted and applied in HAR because the activities can be consid-
ered a series of keyframes. The DTW method is remarkably effec-
tive in analyzing the similarity of time series data using a warping
path that can detect identical shapes at different time steps. How-
ever, DTW belongs to the template-based approach, so the algo-
rithm complexity increases sharply when the framework processes
more activity classes with significant intraclass and interclass vari-
ance.

The DTW algorithm was applied to time-phased data and the
signal magnitude of an on-body creeping wave to perform HAR
[225]. Several experiments showed that a 10-second window for
the DTW algorithm brought a good trade-off between model per-
formance and computational efficiency. In another research, the
DTW technique was applied to process different shapes of foot
movements, which was captured using wearable sensors [21]. The
obtained results showed the effectiveness of the proposed method
in detecting early signs of Alzheimer’s disease.

6. Challenges and future work

Table 11 presents current challenges of both sensor-based HAR
and vision-HAR, and discuss possible solutions for each challenge
based on recent HAR research.

By discussing the challenges described in Table 11, many HAR
future research topics that are interesting to investigate are dis-
cussed.

6.1. Transfer learning

In recent years, deep learning has taken over HAR research,
similar to the current trend in the CV community. However, it
is challenging to train a new deep learning-based model from
scratch. As a result, the implementation of the HAR model based
on previous pre-trained models is a good approach because these
models have already obtained objects’ spatial relationships. It is in-
teresting to explore some trending topics in transfer learning, such
as inflation or domain adaptation [226].



Table 10

Detailed description of various HAR studies grouped by model types, including study field, the proposed model, publication year, devices (A=accelerometer, G=gyroscope, M=magnetometer, I=Inertial, and K=Kinect camera),

datasets, experimental results, and main contributions.

Type Field

\%

Model

Year

Devices

Dataset

Results

Main contribution

CNN Indoor HAR

Mobile HAR

Intelligent
vehicles

RNN HAR

Gesture
recognition

HAR

\

5-CNNs [199]

Customized

CNN [70]

Customized

CNN [219]

RNN tree [200]

LSTM [220]

Residual
Bidir-LSTM
[221]

2018

2018

2019

2017

2018

RGB-D

NA

A, G
and M

A, G
and M

V10, V14 and
V16

S7 and S10

Self

Self and V9

S8

S7 and S8

V10-95.11% and
V16-96.67%

$7-97.62% and
$10-93.32%

Detection rate
of 91%

V9-0.832%

S9-80%

$7-93.6% and
58-90%

e Combines individual CNN classifiers of RGB,
depth and skeletal data to classify activities.

e Introduces a new processing method for
skeleton data.

e Applies a shallow CNN architecture to extract
features automatically.

e Combines statistical features and global
features of the sensor’s time-series data.

e Examines the influence of time-series
duration on real-time HAR.

e Achieves state-of-the-art performance on
both WISDM and UCI HAR datasets.

e Proposes a customized deep learning model
to identify driver's behaviors.

e Introduces an unsupervised Gaussian mixture
segmentation model to extract the driver’s body
region from the background.

e Introduces an adaptive framework for
fine-grained activity recognition.

e Combines multiple RNN models in a tree
structure to improve the overall performance.

e Uses transfer learning to train the proposed
model so that it is more adaptable when a new
class is added.

e Collects a large-scale dataset for sensor-based
HAR.

® Designs an RNN-based HAR to classify six
different hand activities.

e Collected data from inertial sensors can be
fed directly to the proposed model without
pre-processing.

e Increases learning speed by customizing the
LSTM model and window size parameter.

e Studies the importance of window size for
HAR.

(continued on next page)
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Table 10 (continued)

Type

Field

S|V

Model

Year

Devices

Dataset

Results

Main contribution

AE

DBN

Hybrid

HAR

Fall detection

HAR

HAR

HAR

Indoor HAR

Video
streaming

Surveillance

Continuous AE
[190]

Customized AE
[192]

AE [211]

DBN [68]

DBN [69]

CNN+LSTM
[222]

CNN and AE
[191]

CNN and LSTM
[168]

2016

2017

2018

2018

2018

2016

2019

2018

A G
and M

A, G
and M

NA

A G
and M

A, G
and M

I and
3-axis

A, G
and M

NA

Swiss-roll

DLR and COV

V20

S5

S5

S8

Self

V15

98.4%

Good tradeoff
between TPR
and FPR

Good results on
data corrupted
by noise

97.5%

95.85%

0.91%

97.8%

94.4%

e Introduces a continuous autoencoder with
fast stochastic gradient descent to reduce the
training time.

e Introduces time and frequency domain
feature extraction (TFFE) methods to extract
features from sensors effectively.

e Trains different auto-encoder models using
data collected by various wearable devices to
predict fall.

e Proposes a threshold tightening method to
identify unseen falls accurately.

e Proposes a coupled stacked denoising tensor
autoencoder (DTAE) for HAR.

e Proposed model handles temporal and spatial
corruption effectively.

e For temporal corruption, each DTAE in stacked
DTAE deals with different corruption ratio.

e For spatial corruption, each DTAE processes
the same temporal corruption ratio but
different spatial noise.

e Proposes a DBN-based HAR framework.

e Proposed model achieves higher performance
compared to the previous methods.

e Introduces DBN-based HAR model using
smartphone inertial sensors.

e Proposed approach outperforms traditional
recognition approaches, such as SVM and ANN.
® Proposes a deep learning model that
combines convolutional layers and LSTM
recurrent layers.

e The model is trained instantly on the sensor
data with minimum pre-processing processes.
e Qutperforms previous research on the
OPPORTUNITY dataset challenge.

e Designs an efficient and optimized HAR
model to process video streaming data.

e Applies a fast dynamic frame skipping
technique to improve the model speed.

e Reaches the state-of-the-art results on
real-time CCTV systems.

e Applies a CNN-based optical flow model to
extract temporal features from CCTVs.

e Trains a pre-trained MobileNet model on the
extracted saliency features for HAR.
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Table 11
Issues and possible solutions for several topics in HAR.
Name S \" Issue Solution Ref
Unsupervised HAR v v e Relies heavily on labeled data e Crowd-sourcing [131,227]
e Acquires sufficient training data is tedious and e Deep transfer learning
costly
Standard benchmarks v v e No universally recognized benchmark e A uniform protocol (performance metrics [228]
e Cannot evaluate HAR models effectively and dataset) that allows the quantitative
comparison between different approaches
Activity prediction v v e Early prediction is particularly necessary for CCTV e Chooses accurate and distinctive features [229]
systems e Proposes a new method for HAR
e Subtle details in human movements need to be
captured to predict a future movement
e Predicts unfinished activity with limited
observations
Intra-class variation and v v e The same activity can differ between subjects e Needs to figure out unique and distinctive [230]
inter-class similarity e Different activities may contain similar shapes features.

e Develops a deep learning model that adapts
to these challenges
e Synthetic data generation

Multi-subject interactions v e The activities commonly involve the interaction e Spatio-temporal relations among subjects [57]
between many people and objects ® Develops an appropriate learning model
e Detects and tracks several subjects at the same that focuses on differentiating higher-level
time, such as group activities recognition is activities
challenging
Composite activities v v e Human activities are usually overlapping and ® Recognizes fine-grained activities using [231]
concurrent hybrid devices
e The recognition of composite activities brings
additional uncertainty
Non-invasive HAR v e Humans have to adhere to sensor-specific e Non-invasive approach needs to be [232,233]
conditions developed
e Uncomfortable e Development of sensor technology
Real-world videos v e Dynamic backgrounds e Use of multi-sensor systems [9,113]
e QOcclusions, illumination variance, and viewpoint e Combination of RGB video and depth
changes occur frequently sensors
e CCTV systems usually record low-quality videos
and occlusions can appear in the recorded videos.
e [t is even more challenging when the activities are
at a long distance.
Energy and resource v v e Both sensor-based and vision-based HAR require e Adopts a lower sampling frequency [234,235]
constrains real-time sensing, which is energy-consuming e Consider adaptive segmentation methods

e They also require significant computing resources

6.2. Interpretable video model

Interpretable image models have been studied extensively in
recent years. However, there is limited research on interpretable
video models. As explained in [4,183], in a series of frames ex-
tracted from a video, there are only some keyframes crucial for
the identification of activities. In addition, activities are different
in their temporal characteristics. It is possible to identify some ac-
tivities using frames extracted at the beginning of the video. The
interpretability of complicated activities based on the keyframes
is a good research topic to answers questions, such as how these
frames are organized in the temporal domain, how they contribute
to the classification task, and can these frames be selected to train
the model faster without affecting the HAR performance. This type
of understanding can help researchers develop more efficient HAR
frameworks.

6.3. Multimodal data

Humans perceive multimodal data such as image, audio, and
text every day, and the multimodal data allow human to under-
stand other types of data. For example, reading enables the recon-
struction of the corresponding part of the human’s visual sense.
Therefore, it is beneficial if the multimodal data are used to inter-
pret complicated activities because multimodal data contain rich
semantic knowledge [176,222].

Multimodal data also enables the discovery of long-term tem-
poral relationships between objects from the multimodal data be-
cause it can be challenging to extract from multimodal data di-

rectly [236]. Long-term temporal relationships can show the se-
quential order of activities that occur during a prolonged sequence
comparable to how the human brain works. When a human re-
members something, one sequence evokes the next sequence from
a prolonged sequence, like a long-term video. In addition, the com-
munications between entities are also important to understand
long-term relationships. For example, pre-defined object interac-
tions happen in a particular activity under specific scene settings.
As a result, HAR should analyze both activities and the multimodal
data, such as the interpretation of objects, scenes, and temporal re-
lationships of activities. The analysis of multimodal data also sup-
ports the long-duration activity prediction.

6.4. Physical aspect of activities

There has been growing interest in researching the physical as-
pects of activities, such as fine-grained activities. For example, the
20BN-something-something dataset [118] is introduced to stimu-
late human-object interactions research. The aforementioned men-
tioned dataset contains label templates or textual descriptions,
such as "Putting something next to something” to define human-
object interaction or object-object interaction. The dataset enables
the development of systems that comprehend the physical aspects
of activities, including human-object interactions and their spatial
correlations. Although much information is inferred from the CCTV
videos, some physical aspects, such as the movement style, force,
and acceleration, are hard to be inferred. Therefore, it is crucial to
propose new HAR datasets that include such information.
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6.5. Learning actions without labels

For an increasing number of huge activity recognition datasets,
such as something-something [118] and sports-1M [123], the man-
ual labeling method is inefficient and costly. Although automatic
labeling using search engines and video subtitles [109] is achiev-
able in specific areas, it still needs to be validated manually.
Crowdsourcing [131] is a better choice. However, it is challeng-
ing because of the label diversity problem, which can produce in-
correct activity labels. As a result, researchers need to introduce
a more effective and robust HAR method that automatically pro-
cesses unlabeled data [116].

7. Conclusion

A comprehensive survey of state-of-the-art methods, along with
their pros and cons for vision-based HAR and sensor-based HAR
has been provided in this paper. These methods have become par-
ticularly influential in recent decades thanks to their potential in-
tegration in emerging activity recognition applications. The com-
plete descriptions, analyses, and highlights of their features help
researchers gain general knowledge in the field of activity recogni-
tion.

We covered several perspectives of existing work, including
handcrafted feature designs, models, deep architectures, datasets,
and evaluation protocols. We emphasized up-to-date development
in both sensor-based HAR and vision-based HAR. Different datasets
were investigated by reflecting the main requirements of activity
recognition applications: real-time operation with limited onboard
computational resources and constrained observational conditions
(e.g., limited camera resolution). The characteristics, strengths, and
weaknesses of traditional machine learning and deep learning
models used in HAR were also analyzed. In addition, the review
also addressed challenges in the HAR topic and possible solutions
for these challenges.

Aside from activity recognition widespread applications in pat-
tern recognition and image processing, there exist various prob-
lems for future research, such as activity tracking, system design,
and speed. This survey is expected to encourage further research
in the activity recognition area.
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