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Abstract— It is a significant technical and computational task to 

provide precise information regarding the activity performed by a 

human and find patterns of their behavior. Countless applications 

can be molded and various problems in domains of virtual reality, 

health and medical, entertainment and security can be solved with 

advancements in human activity recognition (HAR) systems. HAR is 

an active field for research for more than a decade, but certain 

aspects need to be addressed to improve the system and revolutionize 

the way humans interact with smartphones. Therefore, in this paper, 

we propose a human physical activity recognition system based on 

data collected from smartphone sensors. The proposed approach 

implies developing a classifier using three sensors available on a 

smartphone: accelerometer, gyroscope, and gravity sensor. We have 

chosen to implement our solution on mobile phones because they are 

ubiquitous and do not require the subjects to carry additional 

sensors that might impede their activities. For our proposal, we 

target walking, running, laying, standing, jogging, and relaxing. 

Keywords— smartphone, accelerometers, deep learning, human 

activity. 

I. INTRODUCTION 

In this paper, we focus on one very important component of aging 

in place, namely activity recognition, which represents a system’s 

ability to recognize actions performed by users based on a set of 

observations of their behavior and the environment they find 

themselves in (being sometimes also referred to as behavior 

recognition). It can be employed to track the behavior of older 

adults and ensure that they behave in normal parameters. 

Furthermore, an intelligent activity recognition system can also 

detect when the older adults are passive and can recommend that 

they move around, take a walk, etc. This can be done using 

various senses similar to the ones humans have. Some solutions 

are based on computer vision [2], while other works have been 

based on audio recognition techniques [3] (rather a 

complementary addition to already existing methods) or radio 

frequency identification (RFIDs) [4–6]. Another sense suitable for 

human activity recognition is motion, recorded through different 

sensors. 

 

 

 Since we believe that various types of human-carried sensors 

might discourage older adults from participating in an activity 

recognition-based system, we focus on one sensor-based 

ubiquitous piece of technology, namely smartphones, which are 

far more than just communication devices. They are packed with 

high-end hardware and features for every type of user. 

Additionally, a large number of sensors can be found inside them, 

including motion sensors. Therefore, this paper studies human 

activity recognition and how it can be achieved using the sensors 

available on a smartphone. The main objective of this paper is to 

recognize the type of physical activity the user is performing 

accurately, using the sensors of the phone. Moreover, the 

proposed solution is tested against a newly-collected dataset, as 

well as an already existing one. As for further development, 

secondary objectives aim to make the phone react in an 

appropriate way for each kind of activity, meaning that when one 

of the activities is detected, the phone will take an action or will 

notify the user with helpful pieces of advice in the given situation, 

depending on the settings. The proposed approach implies 

developing a classifier using three sensors available on a 

smartphone (accelerometer, gyroscope, and gravity sensor), while 

adhering to the best machine learning (ML) practices i.e. deep 

learning. This involves collecting a relatively large dataset for 

training the classifier, extracting features from the data, and using 

an ML algorithm to classify the activities, with the following 

options being accounted for: walking, running, laying, standing, 

jogging, and relaxing. 

II. RESULTS 

The UAH-DriveSet dataset is available at: 

http://www.robesafe.com/personal/eduardo.romera/uah-driveset, 

is used in this paper for the acceleration of device is analyzed for 

five different parameters walking, running, laying, standing, 

jogging, and relaxingto estimate human activity. The estimated 

and actually values are analyzed and compared using deep 

learning. 

 

 

 

IAETSD JOURNAL FOR ADVANCED RESEARCH IN APPLIED SCIENCES

Volume VI, Issue XII, December/2019

ISSN NO: 2394-8442

PAGE NO:88



 

 

 

 

Figure 1: Walking Comparison 

Walking values comparison is shown in figure 1. The acceleration 

change is shown from 5 to 15 m/s
2
 but avg is nearly 10m/s

2
 but it 

is varying. 

 

Figure 2: Jogging Comparison 

 

 

 

 

 

 

 

 

 

Jogging is estimated as jogging in figure 2.Change in acceleration 

is very high and changing frequently. 

 

Figure 3: RunningComparison 

Running is estimated as Running and shown in figure 3. The 

acceleration is increases in this case. 
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Figure 4: Relaxing Comparison 

Relaxingis estimated as Relaxingand shown in figure 4 and there 

are not many changes in acceleration. 

 

 

 

 

Figure 5: StandingComparison 

Standing is estimated as standing and shown in figure 5 and there 

is no further changes in acceleration. 

 

 

Figure 6: LayingComparison 

Laying is estimated as laying and shown in figure 6 and there are 

not many changes in acceleration. 

. 

 

Figure 7: Vertical acceleration 

laying shows nearly no change in acceleration, relaxing and 

standing have nearly same values of acceleration, walking, 

running and jogging is very varying. 
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Figure 8: Filter Output  

 

A key feature of neural networks is an iterative learning process 

in which data cases (rows) are presented to the network one at a 

time, and the weights associated with the input values are 

adjusted each time. 

Neural Network training is shown in figure 9 using MATLAB 

software.  

 

Figure 9: Neural Network training 

 

Figure 10: Walking after filter 

 

Figure 11: Autocorrelation between Jogging and running 

Correlation comparison is done between nearly same responses 

and to get more accuracy.  
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Figure 12: more accurate estimation 

After applying deep learning high pass filter power spectral 

density with peak estimation and autocorrelation the estimated 

values are more accurate. 

The obtained results show that human activity recognition can be 

successfully achieved using a smartphone’s sensors, with some 

activities’ accuracy reaching values as high as 93%. Some 

activities are more difficult to identify, as a result of the 

similarities between them. This is the case of jogging and 

running, which are often mistaken for each other or even for 

walking. However, the proposed solution manages to correctly 

identify these activities as well, although with a slightly higher 

error rate. Moreover, after evaluating the proposed solution 

against two datasets, we conclude that it can also be adapted 

easily. 

 

Figure 13: Confusion Matric 

III. CONCLUSION 

The main contribution that we propose in this work is the use of 

Deep Learning techniques as a tool for obtaining a reliable HAR. 

This movement direction allows the longitudinal and transversal 

forces associated with the accelerations. The confusion matric is 

shown in figure 13, which shows in every iteration the error in 

estimated is reduced and accuracy comes to 100%, overall 

accuracy is 92.4%. this can be improved as we go on using this 

algorithm more and more it will learn self and will improve its 

accuracy. 
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