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Abstract—Human activity recognition using sensor data 
is catching the eyes of the researchers as no interference in 
the privacy of an individual while capturing data through the 
sensors. Different sensors behave differently because of their 
own function and orientation. This paper present the deep 
convolutional neural network based approach to identify 
the human activity recognition using tri-axis accelerometer 
and gyroscope data. Heterogeneity Dataset for Human 
Activity Recognition (HHAR) chosen for the experiment. 
The accuracy with accelerometer data is 95.42% whereas 
with the gyroscope data it is 88.47%. Activity recognized 
by the accelerometer is more accurate as compare to the 
gyroscope.

Keywords: Human Activity, Deep Learning, Sensor Data, 
ADL, Accelerometer

I.   Introduction 
Human behavior and pattern among can be easily 

identified through activity perform by the user. The 
availability of sensors in mobile platforms has enabled 
the development of a variety of practical applications 
for several areas of knowledge [1] such as, identification 
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of fall [2], monitoring the elderly people [3], individual 
activity monitoring solutions [5] etc. it is also useful to 
monitor the health of an individual [4], crowd behavior 
analysis [6], and tracking the objects [7]. Sensors are 
all around us and widely used by various devices used 
in our daily life. Internet on Things possible to capture 
and process the information generated by these sensors. 
In this paper deep learning model is applied individually 
to accelerometer and gyroscope data. Accelerometer data 
produce more accurate result compare to the gyroscope 
data [15]. 

II.   Literature Survey
Many researchers share their wisdom for identification 

of human activity recognition using deep learning 
approaches. But still many issues are untouched and 
required huge scope of upgradation. Sensor based activity 
recognition does not harm the privacy of an individual 
but required strong mechanism to identify the activity in 
real time application. 

Fig 1: Signal Representation of Accelerometer Data
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Shoaib et al. [8] proposed a solution for the sensors 
like accelerometer, magnetometer and gyroscope placed 
on various location of the human body. Three different 
scenarios were considered for the experiment purpose. In 
the first, sensor based smart phone, for the second one 
placed on some other place on human body and also 
evaluate classification model for the data generated by 
the same users.

Khan et al. [9] proposed fusion of different modality 
sensors to identify the human activity. They experimented 
on the data generated through the pressure sensor, 
microphone and accelerometer placed at the different 
location on human body.  Data generated from the various 
sensors were pre-processed and fused and apply LDA, 
PCA and KDA. Author addressed that the combination 
of KDA with RBF kernel produced the better result as 
compare to the others. 

Lee et al. [10] proposed CNN model with different 
combinations which required additional computational 
power. They used variable size of the kernel for 
identifying the temporal features.  Deepkia et al. [11] 
proposed a LSTM model and choose three different 
datasets for the experiment purpose.  A one dimensional 

CNN model was proposed by Heeryon et al. [12]. They 
offer a two stage learning mechanism and experimented 
on two publically available dataset named UCI-HAR 
dataset and opportunity dataset.Nidhi et al [16] proposed 
a deep learning model including CNN and GRU for end 
to end training.

III.   Proposed Model
The data received from the sensors are preprocessed 

first and then partitioned into the same size time-series 
segments as the window frame. Chosen the size of the 
window play an important role to achieve the accuracy so it 
is very necessary to choose the window size carefully [13]. 

Our idea is to keep the model light so three 
convolutional layers of 2x2 kernel are chosen with Relu 
activation function. Relu activation function is much faster 
and also Relu reduce the problem of vanishing gradient 
also Relu show better convergence compare to other 
activation functions, also to reduce the dimensions of the 
feature map. pooling reduce the number of parameter to 
be learn so as to reduce the computation as well. At the 
end softmax function used for the classification of the 
multiclass activity.

Fig 2: Signal Representation of Gyroscope Data

Fig 3: Proposed Model
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IV.   Dataset
The Heterogeneity Dataset for Human Activity 

Recognition from Smartphone and Smartwatches is 
chosen for the experiment [14]. The dataset contains the 
time-series record of two most common sensors found 
in smart-phones. The dataset includes 4 different files 
maintain the record of accelerometer data and gyroscope 
data of mobile phone and smart watch. Activities 
included in the dataset are ‘Biking’, ‘Sitting’, ‘Standing’, 
‘Walking’, ‘Stair Up’ and ‘Stair down’.

V.   Result
This section discussed the result of the proposed 

model. We choose HHAR dataset for the experiment. 
Proposed model achieve 95.42% accuracy with the tri-
axis data of accelerometer. Figure 5 shows the accuracy 
of the model per epoch for the accelerometer data and 
shown remarkable training and validation accuracy. 
Model achieve 88.47% with the gyroscope data and 
figure 6 show the accuracy of gyroscope data.

It is observed from figure 7 that model had batter 
perform and achieve 100% accuracy for sitting, and 99% 
accuracy for the stair-up data of the accelerometer and 
approx. similar accuracy for the walk, bike and stair-
down activity. Likewise, confusion matrix in the figure 8 
show that, for gyroscope data model achieve remarkable 
accuracy for walk and stair-down data

Table 1: Accuracy of Model on Accelerometer and  
Gyroscope Data

Model accuracy with Accelerometer data 95.42%

Model accuracy with Gyroscope data 88.47

Fig 4: Activity Type in HHAR Dataset

Fig 5: Accuracy and Loss for Accelerometer Data

Fig 6: Accuracy and Loss for Gyroscope Data

.
Fig 7: Confusion Matrix for the Accelerometer Data

Fig 8: Confusion Matrix for the Accelerometer Data
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VI.   Conclusion
This paper presents a deep learning model for 

human activity recognition. The article consider the 
data generated through the accelerometer and gyroscope 
sensor of the mobile phone available in the HHAR 
dataset. Result of accelerometer data and gyroscope 
data analyse and identified that data generated through 
the accelerometer perform batter result compare to the 
gyroscope. In future we are planning to combine the 
data of both the sensors and also try to combine the data 
generated through different devices like mobile phone 
and smart watch also planning to analyse the axis based 
combination of different devices.
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