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Abstract- Human activity recognition is associate intensive 
space of a machine learning analysis as a result of its 
applications in attention, good environments, motherland 
security, recreation, etc. Study for human activity recognition 
observes that researchers are interested principally in the 
daily activities of the human. Activity recognition victimization 
detector knowledge plays an important role in several 
applications. Earlier, principally wearable sensors were used 
to acknowledge numerous daily living activities. But, wearable 
sensors and environmental sensors each are large and 
expensive, thus shift towards smartphone sensors looks 
reliable and easier choice to researchers and thus smartphone 
sensors are now-a-days wide utilized by researchers. good 
phones are equipped with numerous intrinsic sensing 
platforms like measuring device, gyroscope, GPS, compass 
detector and measuring device, we will style a system to 
capture the state of the user. Activity recognition system takes 
the raw detector reading from mobile sensors as inputs and 
estimates a person's motion activity victimization data 
processing and machine learning techniques. during this 
paper, we have a tendency to review the studies done that 
implement activity recognition systems on smartphone 
victimization numerous sensors. we have a tendency to 
additionally discuss numerous sides of those studies.. 
 
Keywords- Activity Recognition, Sensors, Smartphone, 
Activity of Daily Living, Accelerometer. 
 

I. INTRODUCTION 
 
 Today smartphones became additional and additional 
well-liked in human daily life. Most of the folks used it for 
looking out news, look videos, enjoying games and accessing 
social network however there have been several helpful 
studies on smartphones. Activity recognition is one of the 
most vital technologies behind several applications on 
smartphone like health observance, fall detection, context-
aware mobile applications, human survey system and home 
automation etc., Smartphone-based activity recognition system 
is an energetic space of analysis as a result of they will result 
in new sorts of mobile applications. Understanding human 

activities making a demand in health-care domain, particularly 
in rehabilitation help, therapist help, and elder care support 
services and psychological feature impairment. Sensors can 
record and monitor the patient‘s activities and report 
mechanically once any abnormality is detected, so, large 
quantity of resources are often saved. alternative applications 
like human survey system and site indicator  are all obtaining 
advantages from this study. 
   

Once a track of detector signals  are given, the 
activity recognition system predicts a kind of activity for the 
whole sequence. In recent times, human activity recognition 
(HAR) has been a key element of close aided living (AAL) [1] 
applications for recognizing activities of daily living (ADL), 
falldetection [2] and observance physical activity levels for 
sustaining quality of life and freelance living among adulthood 
folks. This task is extraordinarily difficult owing to the 
complexness and diversity of human activities. choice of 
attributes and sensors, detector placement over a body, Human 
behavior: playacting complicated activities makes the 
recognition method tougher, Resource constraints, Usability, 
Processing, etc.  are a number of the challenges to be thought 
of. 
  

whereas finding out for human action recognition, it's 
determined that researchers have an interest principally within 
the daily activities of the human referred to as Daily Living 
Activities, in order that they will perceive the behavior of gift 
context and generate a Context that may acknowledge human 
activities and provides a pleasant ease to human life. Walking, 
running, workout, lying, stair-down/ up, sweeping, cookery  
are some samples of Daily Living Activity. 
  

The activity are often acknowledge victimization 
numerous sensors placed on a body of a personal, then that 
collected raw knowledge is pre-processed and options were 
extracted from that data and so data is classed to accurately 
acknowledge the activities. several Researchers completed 
their add this space. This paper shows some work done by 
researchers during this platform. during this paper, we have a 
tendency to discuss the human action Recognition method 



IJSART - Volume 5 Issue 10 – OCTOBER 2019                                                                               ISSN [ONLINE]: 2395-1052 
 

Page | 61                                                                                                                                                                       www.ijsart.com 
 

thoroughly. then we have a tendency to specialize in Activity 
of Daily Living, human activities, sensors out there and used, 
sampling rates used by researchers for their work.   
 

II. SMARTPHONE SENSORS 
 

Smartphone  devices have intrinsic sensors that 
measures motion (accelerometers, gravity sensors, and 
gyroscope), orientation (magnetometers.), and numerous 
environmental conditions (barometers, photometers, and 
thermometers). These sensors  are capable of providing raw 
knowledge with high accuracy, and  are helpful if we have a 
tendency to needed to watch three-dimensional device 
movement or positioning, or we have a tendency to needed to 
watch changes within the close surroundings close to a tool 

 
 The smartphone  detector framework permits North 
American nation to access many varieties of sensors, like 
hardware-based and software-based sensors. Hardware-based 
sensors  are physical elements designed into a smartphone and 
they derive their raw knowledge by directly activity specific 
environmental parameters, like acceleration, geomagnetic field 
strength, or angular amendment. Whereas,  software-based 
detectors   (linear acceleration sensor and the gravity detector)  
are not physical devices, though they imitate hardware-based 
sensors. Software-based sensors derive their raw knowledge 
from one or additional hardware-based sensors and  are 
generally referred to as virtual sensors or artificial sensors. 
 
 The smartphone  detector framework uses a 
customary 3-axis coordinate system to specific knowledge 
values. For most sensors, the coordinate system is outlined 
relative to the device's screen once the device is control in its 
default orientation (see fig 1). once a tool is control in its 
default orientation, the X axis is horizontal and points to the 
right, the Y axis is vertical and points up, and the Z axis points 
toward the skin of the screen face. during this system, 
coordinates behind the screen have negative Z values. 
 
1.Accelerometer: Accelerometer could be a latest technology 
that has upgraded the user expertise in smartphones and it 
measures the acceleration force applied to a device on all 3 
physical axis (x, y, and z), as well as the force of gravity. It 
changes the orientation and adjusts the screen to correct 
viewing, once user changes the orientation from 
landscape/horizontal to portrait/vertical and vice-versa. The 
smartphone physical position will be determined by 3-way 
axis device. Fig one shows the measuring device axes on 
smartphone. The data from the measuring device is 
diagrammatic in a set of vectors: Air Combat Command i= , 
where i=(1,2,3,....). A time stamp also can be came back with 
these 3-axisreadings.  

                

 
 

2.Compasssensor: The digital Compass is a ancient tool to 
notice the direction with respect to the north-south pole of the 
earth‘s magnetic field. Compass practicality in smartphones is 
typically primarily based on additional subtle detector referred 
to as a magnetometer; it is used to live the strength and 
direction of magnetic fields. Fig a pair of shows the compass 
reading show screen on a Smartphone. By analyzing Earth's 
magnetic field, the detector permits a phone to work out its 
orientation with high accuracy. The raw knowledge reading 
from a compass detector is that the float variety between 0º 
and 360º. It begins from 0º because the absolute north and the 
particular reading indicates the angle between gift good phone 
direction and the absolute north in dextral. the professional 
version of good Compass adds a speed indicator and the 
choice to send GPS coordinates via SMS or email. Compass 
reading will be used to notice the direction amendment in the 
human motion like walking. 
 

 
 
3.Gyroscope: The rotating mechanism is a device, that adds 
associate further dimension to the data provided by the 
measuring device by trailing rotation or twist and it is 
primarily used for navigation and measure of the angular 
rotational velocity. And it additionally uses earth‘s gravity to 
assist verify orientation. rotating mechanism measures the 
phone‘s rotation rate by police investigation the roll, pitch, and 
raw motions of the good phones on the x, y, and z axis, 
severally. The axes directions  are shown in Fig. 3. The raw 
knowledge from a rotating mechanism is the rate of the 
rotation in rad/s (radian per second) around every of the 3 
physical axes: Rotation i=; I =(1,2,3,..........) . In activity 
recognition search, rotating mechanism is used to assist the 
mobile orientation detection. 
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4.Barometer: Barometer is a device equipped on most of the 
advanced good phones. It measures the region pressure of the 
surroundings wherever the detector is placed in. So, measuring 
device reading are often wont to indicate the user‘s position 
amendment in localization connected activity recognition. 
Barometers senses air pressure and  are used in smartphones to 
verify relative elevation -measuring stairs climbed and thus 
on. It ought to be able to take gas pressure measurements and 
so facilitate forecasters analyze wherever troughs, aggressive 
zones, and frontal boundaries are. 
 

 
 

III. HUMAN ACTIVITY RECOGNITION PROCESS 
 
 Human activity recognition is the most recently 
introduced and today wide used term. HAR is associate vital 
however difficult analysis space with several applications in 
motherland security, good environments, attention and 
recreation. once a track of detector signals  are given, the 
activity recognition system figures out a kind of activity for 
the total sequence. Activity recognition from detector 
knowledge plays associate essential role in numerous 
applications. Sensors such as environmental sensors, wearable 
sensors, in-build sensors  are wide used by researchers. 
Activities will be recognizing victimization environmental 
sensors like Wi-fi, GPS, camera, etc. wearable sensors [3]  are 
sensors that place on totally different location on the shape. 
The in-build sensors  are sensors of smartphone. Even one also 
can use the mixtures of those sensors for recognizing activities 
with additional correct results. 
 
 Earlier, principally wearable sensors were used to 
acknowledge totally different daily living activities. However, 
there has been a shift towards smartphones in recent years, 
thanks to the supply of assorted sensors in these devices. 

additionally wearable sensors and environmental sensors each  
are large and expensive, thus shift towards smartphone sensors 
looks reliable and easier choice to researchers and thus 
smartphone sensors  are now-a-days wide used by researchers. 
Examples of such smartphone sensors  are rotating 
mechanism, linear acceleration, GPS, measuring device, 
microphone, gravity sensor, meter, etc. The knowledge to 
acknowledge human movement activity from the wearable 
sensors, and also the combination of the compass, measuring 
device and GPS sensors  are the most usually used now-a-days 
[4]. Most of the analysis on human activity recognition 
victimization smartphone is performed offline in totally 
different machine learning tools. However, now-a-days, 
smartphones have become capable of running such recognition 
systems, thus there has been a shift towards associate on-line 
recognition method. By on-line activity recognition, we have a 
tendency to mean that the information acquisition, 
preprocessing and classification processes  are done regionally 
on the smartphone. In some cases, for on-line activity 
recognition feature extraction and classification processes  are 
performed either on a far off server or in a very cloud. 
 
 The Human Activity Recognition method consisting 
of four main stages these  are knowledge Acquisition, Pre-
Processing, Feature Extraction and Classification. the 
knowledge is non heritable victimization sensors and proceed 
towards pre-processing; this preprocessed data is additional 
forwarded for a classification method that shows the accuracy 
of recognition. The human action recognition method is shown 
in fig. 1, to raised perceive its flow: 
 

 
Fig. 1 Human Activity Recognition Flow 

 
Sensor: Having simply explained what activities ar, we have a 
tendency to flip our attention to sensors as a result of these 
devices will gather knowledge that may be used for the 
detection of human activity. 
 
Data Acquisition: knowledge assortment or acquisition is the 
initial and vital stage of Human Activity Recognition method. 
the information is collected by putting sensors on the body of 
subjects playacting numerous daily living activities. The 
detector knowledge is collected at a particular rate. This 
collected knowledge or a data is forwarded towards successive 
step. 
 
Pre-Processing: Pre-processing is the second stage of Human 
Activity Recognition method. The raw knowledge collected 
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from subjects victimization numerous activities and sensors  
are additional forwarded for pre-processing. Pre-processing is 
done victimization 2 methods; initial is noise removal and 
second is windowing or segmentation. Noise is associate 
unwanted knowledge collected throughout the information 
assortment method. The noise removal technique is used to 
prepare a knowledge by cleansing noise from it. Some 
customary classifiers do not work well on this raw detector 
knowledge. thus it is essential to rework this raw knowledge. 
This is generally performed by breaking the continuous raw 
detector knowledge into the windows of sure period. Hence, 
windowing or knowledge segmentation is performed. 
 
Feature Extraction: This is the third stage of Human Activity 
Recognition method. The segmental knowledge is collected as 
a series of instances containing 3 values corresponding to 
acceleration on the coordinate axis, y-axis, and coordinate 
axis. Feature extraction, converts the signals into the most 
important and powerful options that  are distinctive for the 
activity. The options were extracted victimization numerous 
feature extraction tools; one of the examples is MATLAB 
series code. The options are often extracted in each Time and 
Frequency domain 
 
Classification: Classification method is the final stage of the 
human activity recognition method wherever the trained 
classifiers  are wont to classify totally different activities. This 
stage are often perform either offline in a very machine 
learning tool, or will perform on-line on the smartphone itself. 
The classification method involves coaching and testing. 
coaching could be a preparation step to get the model 
parameters. coaching will either be done offline on a desktop 
machine or on-line on the smartphone itself. once coaching the 
classifiers, testing is performed to examine whether or not the 
activities  are properly recognized or not victimization 
numerous classifiers like Naïve Thomas Bayes, Bayes Net, 
IBK, Random forest, SVM etc. 
 

IV. LITERATURE SURVEY 
 
 Stefan Dernbatch et.al.[14] used ten people to 
acknowledge activities with the facilitate of a good phone for 
straightforward still as complicated activities. They 
contemplate straightforward activities such as Biking, Lying, 
Stairs-up, Stairs-down, Driving, Running, Sitting, Climbing, 
Standing and Walking; and complicated activities like 
cleansing, Medication, Cooking, Watering plants and 
Sweeping, then the feature extraction distributed and 
victimization machine learning tool classifiers  are applied 
over collected data and so the results  are drawn. Straight 
forward activities recognized with high accuracy of regarding 
ninety three and complicated activities with five hundredth 

accuracy [14]. good phones support the measuring device 
detector that is used to record to motion of the body, as 
measuring device provides the knowledge of calculable 
acceleration of the body on the 3 axes i.e.x, y and z by that 
speed and displacement also are measured.  
 
 Akram oath et.al.[7] took readings on twenty nine 
users for these following activities. Running, Slow walking, 
Dancing, quick walking, Stairs-up and Stairs-down. Then all 
the phases of human activity recognition  are done like 
knowledge assortment, feature analysis, Feature extraction, 
Classification. They applied classifiers into 2 sections singly 
and together. a number of themare multilayer Perception, 
Random Forest and logic boost, LibSVM , straightforward 
logistical and logic boost. 
 
 Position of Placement of sensors on the body plays a 
crucial role within the knowledge assortment method. wrong 
placed sensors on the body could results in associate 
inappropriate assortment of samples. thus it is important to 
contemplate a higher position for putting totally different 
motion sensors on the body and additionally the 
environmental condition is goodly. In the paper of Ioana 
Farkas and Elena Doran [16] 3 totally different experiments 
were conducted within which four male subjects with age 
move between twenty three to twenty seven performed a 
sequence of specific postures and movements. Subjects wore 
the tri-axial measuring device on their right a part of the hip. 
Pattern recognition neural network machine learning 
algorithmic program was applied and also the accuracy of 
activity and rest state was found ninety four.1% and 97.1% 
severally. 

 
Lars Schwickert et.al. [37] used mechanical 

phenomenon sensors to elucidate the mechanics of lie-to-stand 
(LTS) transfer patterns of younger and healthy older adults. 
several aged folks lack the capability to face up once more 
once a fall. Here totally different options of standing up from 
the ground once a fall are analyzed. Fourteen younger subjects 
with age between twenty and fifty years out of that five 
hundredth  are male and ten older subjects with age sixty years 
and on top of were enclosed and they were recurrently stand 
up while not facilitate. every subject perform four LTS 
ranging from totally different initial lying postures on the 
ground like lying on the rear, lying on the front, lying on the 
left and manus aspect with sensors worn at a trunk. In Lopez-
Nava, Irvin Hussein, and Angelica Munoz-Melendez 
[15]wearable mechanical phenomenon detector were worn by 
3 young users on 3 positions of their higher limbs: within the 
center of the sub-scapular fossa; ten cm up to the correct 
elbow joint, within the lateral aspect of the higher arm; and ten 
cm up to the correct radiocarpal joint, within the posterior 
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aspect of the forearm for recognizing some complicated 
activities. 
 
 Stefan Dernbach et.al.[14] experimented for 
straightforward and complicated activities of daily living with 
one, two, four, eight, twelve and sixteen seconds time 
windows. Numbers of options were extracted to write every 
window. The result shows that, the accuracy for 
straightforward activities remains on top of ninetieth for every 
of the various window lengths. Whereas for complicated 
activities, shorter window frames provides higher performance 
over longer one. 
 
 In Stefan Dernbach et.al.[14] six totally different 
classifiers were tested like multidimensional language, Multi-
layer Perceptron, Bayesian network, Best-First Tree, Naive 
Thomas Bayes and K-star for recognizing each 
straightforward and complicated activities. The accuracy of 
the classifiers was tested employing a ten-fold cross-validation 
technique. The default parameters  are related to eachof the 
classifier. The result shows that, the classification accuracies 
for straightforward activities stay systematically on top of 
ninetieth apart from Naive Thomas Bayes. And for 
complicated activities, the performance of all the classifiers 
looks uniform. the simplest accuracy noted for complicated 
activities was five hundredth with the use of Multi-Layer 
Perceptron. Also, 
 
 Kadian Davis et.al.[1] used thirty one subjects 
performed six activitiesfor one minute in a very semi-
naturalistic surroundings. The options were computed on a 
hard and fast length window of two.56 sec with five hundredth 
overlap. window (SW) is split into 2 elements i.e. overlapping 
and non-overlapping window. during this technique, 
knowledge section is extracted by moving a window over the 
statistic knowledge to use these segments within the 
alternative activity recognition stages. the dimensions or 
length of this window affects the accuracy of recognition. 
 

V. CONCLUSION 
 
 In this paper, we have a tendency to reviewed the 
work done to date on human action recognition victimization 
smartphone. we have a tendency to studied smartphone 
sensors, a sampling rate, position and orientation of 
smartphone. Moreover, these studies focus on recognizing 
variety of activities and totally different classification 
strategies used for the recognition method. we have a tendency 
to discuss totally different challenges and sides of those 
studies. we have a tendency to additionally mentioned the 
areas that require additional enhancements. There remains lots 
of work to try and do to enhance the accuracy of activity 

recognition. To improvise accuracy, researchers ought to use a 
mixture of detectors or combination of sensor varieties. 
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