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About This Book 

Detection or recognition of human activities is a prominent research area in the field of 
Computer Vision and Artificial Intelligence. An intelligent-based human activity detection 
or recognition (HADR) system is highly required for several applications like activ-
ity monitoring in public transport areas, monitoring activities of daily livings (ADLs), 
health monitoring, anomaly detection in traffic, crowd and parking lots, smart home, smart 
offices, elderly care, border security control, assistant for physically handicap people and 
so on. There is a huge number of applications that demand automatic human activity 
detection or recognition. We can observe the journey of research in this area starting 
from a particular activity detection to recognition and their behavior analysis. Activities 
can be of three types like normal, abnormal or suspicious. Both abnormal and suspicious 
activities are unusual activities, but suspicious activities possess a high degree of theft. 
We can see different surveys and reviews made in this area, but in our proposed survey 
paper, we finely divided different activities according to their criticality, clearly discussed 
different motivations, issues and challenges, we presented a framework for activity detec-
tion or recognition using different types of vision sensors and multimodal sensors and 
minutely described every individual step in it. A brief review of the available human 
activity recognition datasets is also presented in this book. In addition, we have identified 
ten different applications of HADR and briefly discussed recent developments in each 
of these applications. According to the presented framework, application wise, we made 
a tabular comparative study on recent researches. Finally, we proposed some prominent 
future studies in these applications and then concluded.
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1Introduction 

1.1 Background 

HADR is one of the significant research areas in the fields of computer vision and artificial 
intelligence. Generally, human activities vary from simple to complex. Due to the high 
criticality of human actions and behaviour, it becomes cumbersome for laymen or human 
experts to continuously observe social activities to fulfil the requirements in applications 
like security surveillance, health monitoring, in-house activity monitoring, traffic control 
systems, public transport security issues, guidance for physically handicapped people, 
etc. So, an intelligent-based human activity recognition system is highly required. We can 
observe the journey of research in this field, starting from a particular activity’s detection 
to several activities’ recognition and behaviour analysis. The activities can be of three 
types: normal activity, abnormal activity, and suspicious activity. Normal activities are 
the usual activities performed by humans in their day-to-day lives. Detecting and recog-
nising activities of daily living (ADLs) like sitting, walking, running, climbing, jumping, 
hand waving, talking, etc.; detection of child activities like crawling, moving, wiggling, 
toddling, rolling, sitting down, standing up, standing still, climbing down, etc.; activity 
control in smart home applications are some of the examples of research applications 
of Normal-HADR. Abnormal events are those activities that are generally uncommon or 
rare. Some of the applications of Abnormal-HADR are detecting fall activities, fire mon-
itoring, illegal parking activity recognition, abnormal crowd activity monitoring, health 
monitoring, elderly care, etc. But suspicious activities are those that are doubtful, illegal, 
harmful, distrustful, or dishonest and also involve crime-like activities. Examples of such 
suspicious-HADR are: detection of violence or vandal activities; suspicious human (wear-
ing a helmet and continuously peeping) detection in ATMs; detection of illegal border 
crossing activities; abandoned object detection in the railways, airports, shopping malls, 
etc.; recognition of threats like activities in streets, malls, highways, railway stations, etc.
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2 1 Introduction

Fig. 1.1 Different types of human activities 

In the literature, researchers interchangeably used abnormal and suspicious activities. The 
following Fig. 1.1 shows some examples of different kinds of activities. In our survey 
paper, we focused on ten types of applications for HADR. 

HADR can be implemented by using security surveillance cameras or any vision-
based cameras, mobile phones, or any embedded device consisting of inertial sensors like 
accelerometers, gyroscopes, and magnetometers, or even by using any multimodal sen-
sors like temperature, pressure, EEG (electroencephalogram), ECG (electrocardiogram), 
vibration sensors, GPS (Global Positioning System), etc. In our survey, we considered 
applications that use these sensors for activity detection and recognition purposes. 

Researchers have proposed several benchmark processes to recognise human activities, 
and they have also dealt with several situations that became bottlenecks in implementing 
the approaches. Different surveys on several types of activity recognition can be found in 
the literature. The following Table 1.1 shows different surveys made on human activity 
recognition. By observing different researches made on HADR, we designed a frame-
work that describes a step-by-step process to implement several sensor-based HADR. 
The following Fig. 1.2 shows the basic work-flow diagram of HADR.

At first, different sensors like CCTV cameras, Radio Frequency Identification Radar 
(RFID) sensors, pressure sensors, temperature sensors, smartphones, or smart handbands 
embedded with the accelerometer, gyroscope, etc. are used to collect data. Then, the 
HADR system will perform a low-level task on the collected data. Such low-level jobs


