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Abstracts 

Human activity recognition through smartphones is now beneficial for 
humans to recognize their daily activities. Many of the researches are introduced for 
recognition of activities but somehow the performance of the classifiers is low 
because of different problems with the data or the classifiers. This research study 
offers a method to achieve the best performing classifiers. The comparative analysis 
held between the supervised and ensemble learning classifiers. Based on the best 
performing classifier, a system is also introduced in this study. We evaluate the 
method by using two publicly available datasets of human activities recognition 
acquired from UCI Machine Learning repository. One is UCI-Human Activity 
Recognition and the second is Smartphone-Based Recognition of Human Activities 
and Postural Transitions. The activities selected for this research study are Walking, 
Standing, Sitting, Laying, Downstairs and Upstairs. These input signals are a 3-
dimensional raw form of data that was difficult to handle. The Principle Component 
Analysis (PCA) technique is used to reduce the dimensionalities of the data features 
and extract the most substantial data features for the classification of human 
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activities. A comparison is performed between the different supervised and ensemble 
machine learning classifiers on the selected datasets. The supervised learning 
classifiers that we used are Gaussian Naïve Bayes, K-Nearest Neighbor, and Logistic 
Regression while the ensemble learning classifiers are Random Forest and Gradient 
Boosting. The achieved result shows that the Logistic Regression is more accurate as 
compared to other selected classifiers in this study for human activity recognition. 
The higher accuracy rate of Logistic Regression is 96.1% for UCI-HAR and 94.5% 
for HAPT dataset among all the compared classifiers.  

Keywords: UCI-HAR dataset, HAPT dataset, Smartphones, Accelerometer and 
gyroscope Sensors, Classifiers, HAR.  

I.    Introduction  

Smartphones are very essential in today's life. Some of the smartphones have 
motion sensors like gyroscope and accelerometer which can sense the activities of the 
human. These sensors have values for different activities exhibits a specific pattern. 
Each human activity has a unique character, so it is a very difficult task to recognize 
human activity accurately [XXIV]. It can be a huge area for researchers to research 
and associate with many fields like healthcare monitoring, tracking of fitness and 
self-managing system, etc [IX]. Accelerometer sensors show a good result while 
activity recognition because its power consumption is low and can sense continuously 
for a whole day [XXVIII]. These motion sensors are not only available in 
smartphones but are embedded in wearable devices as well. However, technologies of 
smartphones are rapidly changing these years which results in increasing 
functionalities [VI]. By using accelerometer motion sensor data, a smartphone device 
can predict and examine user performance such as walking, running, laying, etc. With 
recent technologies, daily human activities can be monitored by activity recognition 
and can figure out the changes occur in activities [XV]. 

 

Fig. 1: Angles of the Sensors  

In this field three areas can be focused on research i.e. number of sensors, the dataset 
for recognition activities and the classification of that data according to need. The 
area which can be the focus for the number of sensors is that more the number of 
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sensors useful in the detection of activities more the complexity produces in 
recognition. The issue of complexity in recognition is that observation of movement 
according to every sensor will be different. Some of the researchers declared the 
activity of using multiple sensors costly because collective the number of sensors can 
raise the cost of those wearable devices or smartphones [XXX]. Due to this most of 
the researchers focus on using the accelerometer motion sensor for detecting 
activities. The accelerometer sensor can collect signals of body movement in a better 
way [XXVII], [XIII]. Using accelerometer motion sensors most of the issues are 
associated with activity recognition approaches. These issues include the processing 
of data, extraction methods of features and classification techniques [VI]. If the 
extraction of features is not properly done from raw signals collected from the 
accelerometer sensor it automatically affects the efficiency and accuracy of the 
system or application. Several researchers apply different classification techniques for 
the extraction of features that classify activities of humans [XIII]-[XVI]. The 
accelerometer sensor works on 3-dimensions, so the reduction of dimensions process 
is applied to reduce the raw data dimensionality and it helps to transform necessary 
features to lower space. These processes are applied to meet the requirements like a 
short time for training data, high accuracy rate and actual data generalization [XIX]. 

          Most of the researchers focus on the enhancement of the performance due to 
classifications of the features by using different classifiers such as K-Nearest 
Neighbor (KNN), Decision Tree (DT), Random Forests, Support Vector Machine 
(SVM), etc on various type of datasets [XII]. The accelerometer motion sensor is not 
enough for recognizing the whole activities of humans, therefore other motion 
sensors like gyroscope and barometer are also required for recognizing walking 
upstairs and downstairs activities. The common accuracy rate of human activity 
recognition according to some authors is 91.15% [IV]. 

         The focal area of this study is to perform the comparative analysis over human 
activity recognition datasets using five classifiers K-Nearest Neighbour (KNN), 
Naïve Bayes, Random Forest, Gradient Boosting and Logistic Regression. There are 
many classifiers in machine learning that classifies different types of data with 
different techniques. The selection criteria for these classifiers is that they process the 
data with almost the same techniques and only work with trained and tested datasets. 

It highlights the issues regarding the classification of features extracting from 
accelerometer sensor data. The accelerometer sensor and gyroscope sensor identify 
the six activities of the human i.e. walking, running, walking upstairs, walking 
downstairs, laying and sitting. 

 The classifiers use for performance comparison are of two types. The classifiers are 
supervised learning classifiers and an ensemble classifier. This makes it different 
from other researches. 

 As the name indicates that in supervised learning guidance or a teacher is 
needed. Supervised learning is the type of machine learning in which the data used by 
the machine is labeled. The word label means that the data is already tagged with the 
proper answer. The supervised learning algorithms used in this research study are:  
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1. K-Nearest Neighbor. 
2. Naïve Byes. 
3. Logistic Regression. 
 
 Unsupervised learning is a type of machine learning in which the data used is 
not labeled nor classified. In this type of learning no guidance is provided to the 
algorithm to work on the data. It is the task of the machine to group the data on 
similarities, differences, and patterns. The only unsupervised algorithm used in this 
research study is: 
1. Principle Component Analysis (PCA). 
 
 Ensemble classifiers are a type of classifier that consists of different base-
level models that combine to form a single predictive model. The ensemble classifiers 
used in this research study are: 
1. Gradient Boosting. 
2. Random Forest. 

The contribution of this study includes the identification of the most accurate 
classifier for human activity recognition. Further comparative analysis appended 
between the supervised and ensemble learning algorithms to select the classifier with 
best recognition performance. The simple technique of pre-processing and 
dimensionality reduction also takes place to examine sensor data. 

The rest of the paper is organized as follows. Section. 2 describes related work. 
Section 3 discusses the methodology for the prediction of human activity.  Then, 
discussion and results in a Section. 4 and Section. 5 describesthe conclusion and 
future work.   

II.    Related Studies 

 The human activity recognition by smartphone is an active research area and 
various approaches have been applied in this area. Most of the related work 
concentrates on the use of different classification algorithms to improve performance. 
These classification algorithms are Decision Tree, Naïve Bayes, K-Nearest 
Neighbours, Random Forrest, Support Vector Machine, etc.  

The human activity recognition system has many applications. It can be used in 
health and sports activity as the authors [XI] describe the method of monitoring the 
fitness level of the body. They track exercises by examining the use of speaker and 
microphone which are integrated into a smartphone. 

They measured the body exercises by three different positions bicycles, toe touches, 
and squats. They tested different classification methods such as support vector 
machines, Naive Bayes, random forest, and AdaBoost. They have achieved an 
accuracy of 88% for bicycles, 97% for toe-touches and 91% for squats on their test 
set. 

Smartphones have different embedded sensors like accelerometer, gyroscope, light 
sensors and so on. RuchitaDeshmukh et al [VII] used the accelerometer sensor which 
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is embedded in smartphones. They gave values by the accelerometer in three 
dimensions and these values can be used to recognize the activity performed by the 
body. The author used MobiAct dataset and KNN classifier.  KNN classifier gave 
94% accuracy.  

Tuan Dinh Le & Chung Van Nguyen [XVII] described a human recognition system 
as a robust system in smartphones. For this purpose, they combined the two features 
collection and instance collection to minimize the dimensionality of the dataset and 
improve the performance. For improving the performance, they used different 
classification such as Decision Tree, Naive Bayes, k-Nearest Neighbour, Support 
Vector Machine, Hidden Markov Chain, Multi-Layer Perceptron, and Random 
Forrest. They achieved up to 15% better accuracy. 

A.S AbdulSukor et al [XXVI] used the accelerometer sensor which is already 
embedded in smartphones to recognize the activity performed by the body. They used 
the accelerometer dataset and different machine learning classifiers. They compared 
the time and frequency domain by different machine learning classifiers such as 
Decision Tree (DT), Support Vector Machine (SVM) and Multi-Layer Perceptron 
Neural Network (MLP-NN). To minimize the dimensionality of the feature they use 
Principal Component Analysis (PCA). They compared original raw data and the 
Principal Component Analysis feature. The result obtained from that comparison was 
a good higher rate of recognition while frequency domain features have higher 
accuracy with the rate of 96.11% and 92.10% respectively.  

A method of human activity recognition with high throughput by applying Deep 
Recurrent Neural Networks (DRNN) is proposed by Masaya Inoue et al [XIV].They 
collect real-time data from the accelerometer sensor with a deep recurrent neural 
network. They used the training dataset of 432 trials which include 6 activity classes 
from 7 people. They obtained the maximum recognition rate which was 95.42% and 
83.43% against the test data. 

Charissa Ann Ronao& Sung-Bae Cho [XXIII] discussed human activity recognition 
using smartphones with deep conventional neural networks. For this purpose, the 
essential features of activities and 1D time-series signals and in parallel they provided 
a way to repeatedly data-adaptively and excerpt robust features from rare data. 
Through different trials, they showed that convent certainly derives related and more 
complex features with additional layers. Different data mining techniques are used 
such as a fully connected layer and softmax layer. Benchmark dataset was collected 
from 30 volunteers and the overall performance achieved from the test set with raw 
sensor data was 94.79% and 95.75% with additional information.  

Muhammad Shoaib et al [XXV] raised a problem that pocket and equivalent places 
are not suitable for smartphones sensors to recognize hand gestures or activities of the 
human. For recognition of hand gestures, the authors used wrist-worn motion sensors. 
For effective recognition of human activities in both wrist-worn and pocket positions, 
three sensors and three classifiers are used i.e. Naive Bayes, KNN and decision tree. 
The authors of this paper used the public dataset to make this research reproductive. 
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Frédéric Li et al [XVIII] gave a solution of two problems: baseline evaluation setup is 
hardly available and very little details of implementations. Firstly, they provide a 
solution for baseline evaluation that provides a comparison between the features gain 
from different methods and allow experiments of different features learning 
techniques. Secondly, they provide all the details of the code and implementation to 
make it reproductive for researchers. The data used in this paper are the 
OPPORTUNITY and UniMiB-SHAR datasets. A support vector machine (SVM) is 
used as a classifier. 

Martin Milenkoski et al[XXI] developed a new algorithm for human activity 
recognition based on long short-term memory networks because detecting activities is 
nowadays an essential part of mobile applications, so a lightweight algorithm is 
discussed in this paper that operates on mobile and give best results on the same time. 
Hand-crafted features are used instead of raw accelerometer sensor data. A classifier 
is used Support Vector Machine (SVM). 

Inês P. Machado et al [XX] describe the methodology of the recognition of human 
activities. The study is based on feature withdrawal, feature variety practices that 
include a different set of time, statistics and frequency of related area features that are 
taken from the accelerometer sensor. The paper emphases on human activity 
recognition using an on-body accelerometer sensor and sensitivity to the extraction of 
features for parametrization. Classifiers are used s K-Means, Affinity Propagation, 
Mean Shift and Spectral Clustering. 

Table 1: Comparison Table for related studies 

Study 
 

Year Method Datasets Best 
Classifier 

Accuracy 

Biying Fu et al 
[18] 

2018 SVM, NB, 
Random forest, 

AdaBoost 

STFT SVM 83% 

RuchitaDeshmukh 
et al [19] 

2018 KNN 
 

MobiAct KNN 94% 

Tuan Dinh Le & 
Chung Van 
Nguyen [20] 

2015 DT, NB, KNN, 
SVM, HMC, 

MLP, 
Random Forrest 

UCI Decision 
Tree 

96.18% 

A.S AbdullSukor 
et al [21] 

2018 DT, SVM, MLP-
NN 

 

Accelerometer MLP-NN 98.77% 

Masaya Inoue et al 
[22] 

2017 DRNN 
 

HASC DRNN 95.42% 

Charissa Ann 
Ronao& Sung-Bae 

Cho [23] 

2016 CONVENT Benchmark CONVENT 95.75% 

Muhammad 
Shoaib et al [24 

2016 NB, KNN, DT 
 

publicly dataset  NILL  NILL 

Frédéric Li et al 
[25] 

2018 SVM, CNN, 
LSTM 

OPPORTUNITY 
and UniMiB-

SHAR 

SVM 91.76% 

Martin Milenkoski 
et al[26] 

2018 LSTM Lab Data, Field 
Data 

LSTM 96% 
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Inês P. Machado et 
al [27] 

2015 K-Means, 
Affinity 

Propagation, 
Mean Shift, 

Spectral 
Clustering. 

Accelerometer K-Mean 93.96% 

III.     Methodology 

The section of practice describes the methods that how the prediction of 
human activities recognition takes place using accelerometer data sensors. 

 

Fig 2: The Workflow of this studies 

III.i.    Data Collection 

The datasets used for this paper are UCI human activity recognition and 
HAPT that are publicly available with enough examples both for training and test 
classifier. These are considered to find the features for recognizing human activities 
and classify the highest accuracy rate of the used classifiers. The data collected for 
this dataset is from accelerometer and gyroscope sensors embedded in 
smartphones.The data collected for the input is the activities perform by the user. The 
output will be in the form of predicted human activity for user data.  

The HAR dataset is composed of six activities of daily living are Standing, Walking, 
Sitting, Walking Upstairs, Walking Downstairs and Laying. These activities are 
performed usually many times a day by the human. The experiment for this dataset is 
performed with a group of 30 volunteers. They have the age bracket of about 19 to 48 
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years. Each volunteer completed the above six activities by wearing a smartphone 
containing accelerometer and gyroscope sensors on their waist. By using their 
implanted accelerometer and gyroscope data sensors 3-axial linear acceleration and 3-
axial angular velocity at 50Hz of continual rate are taken or obtained. Dataset is then 
divided into two sets, where 70% of the volunteers were nominated for exercise data 
generation and the other 30% were nominated for test the data.  

For generating several features pre-processing is then applied to raw signals data [II]. 

III.ii.    Data Pre-Processing 

Noise filters techniques were applied to the sensors signals data to pre-
processed it and then secure width window descending of 2.56 sec and overlapping of 
50% were applied to sample the data. Sensor acceleration data consist of body motion 
and gravitational components and was separate filters into gravity and body 
acceleration by using a Butterworth low-pass filter technique. 0.3 Hz of low 
frequency is used because the gravitational force assumes to have components of low 
frequency. Variables from the frequency and time domain were calculated to get 
features vector from every window [II]. 

Table 2: For training and test sets, the number of instances for each class [II]. 

Sr. No Class Train Set Test Set 

1 Sitting 1286 491 

2 Standing 1374 532 

3 Walking 1226 496 

4 Laying 1407 537 

5 Walking Upstairs 986 420 

6 Walking Downstairs 1073 471 

Total  7352 2947 

Table 3: Features Extracted from data and their description [II]. 

Sr. 
No 

Variable for Features Description for Features 

1 Mean () Mean Value 

2 Std () Standard Deviation 

3 Mad () Median Absolute Deviation 

4 Max () Maximum Value 

5 Min () Minimum Value 

6 Sma () Signal Magnitude Area 

7 Energy () Energy Measures 

8 Iqr ()  Interquartile Range 

9 Entropy () Signal Entropy 



 
 
 
 
 
 

J. Mech. Cont.& Math. Sci., Vol.-15, No.-4, April (2020)  pp 228-246 

Copyright reserved © J. Mech. Cont.& Math. Sci. 
Zunash Zaki et al 
 
 

236 
 

10 arCoeff () Autoregression Coefficient 

11 Correlation () Correlation Coefficient Between Signals 

12 maxInds () With Largest Magnitude, Index of Frequency Components 

13 meanFreq () Weighted Average of Frequency Component For Obtaining 
Mean Frequency 

14 bandEnergy () Energy of Frequency Intervals 

15 Skewness () Skewness of Frequency Domain 

16 Kurtosis () Kurtosis of Frequency Domain 

17 Angle () Angles Between the Vectors 

III.iii.    Dimensionality Reduction 

The technique of the dimensionality reduction process is to renovate the 
original features by reducing their dimensions and make the representation of data 
meaningful. The process of dimensionality reduction helps in picturing of high 
dimensional data and simplifies the classification for machine learning classifiers. 
Principle Component Analysis (PCA) is measured as the popular method for the 
reduction of dimensions of the data by changing the new original features into jointly 
uncorrelated features. The new uncorrelated features are called “Principal 
Components”. These principal components are then settled by their variances and the 
lowest variance components are usually misplaced [III]. To complete the PCA 
following steps can be taken: 

1) Subtract the mean value to normalize the data. 
2) Estimate the Covariance matrix. 
3) Estimate the Eigenvectors and eigenvalues of the covariance matrix.  
4) Form feature vectors by choosing the components. 
5) The new dataset is derived. 
III.iv.    Classification 

After reduction of the dataset, the classification technique is used for 
recognition of human activities. In this paper, five machine learning classifiers are 
selected for classification of human activities and then the results of these classifiers 
are compared with each other to obtain the best accuracy rate among the classifiers. 
The classifiers used are K-Nearest Neighbour, Gaussian Naive Bayes, Gradient 
Boosting, Random Forest, Logistic Regression.  

III.iv.a.    K-Nearest Neighbour 

The K-nearest neighbour is the classifier that classifies the data based on the 
non-parametric technique in pattern recognition. In classification, the input contains a 
K-Nearest training instance in feature spaces. KNN is the laziest and the simplest 
algorithm among all the machine learning classifiers. Although the K-nearest modal 
is simple but is also in the comparison to more recent complex methods such as in 
large scale experimental analysis [V]. 
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III.iv.b.    Gaussian NaÏve Bayes 

Gaussian NB is a probabilistic classifier. It is popular for text classification 
and spam detection. It works on independent assumptions among the features. 
Gaussian NB deals with continuous data. Gaussian NB is a simple but influential 
algorithm for predictive modelling.  

III.iv.c.    Gradient Boosting 

Gradient boosting is a technique that is practice for the problems of both 
classification and regression. Gradient boosting is a predictive model produces by the 
collaborative of weak predictive models. Gradient boosting is a powerful machine 
learning technique.  Friedman et al. [X] define the progression of gradient boosted 
models as Multiple Additive Regression Trees. Elith et al. [VIII] label that method as 
Boosted Regression Trees (BRT). 

III.iv.d.    Random Forest 

Random forest is an ensemble machine learning classifier. Random forest is 
also known as “Random decision forest”. Random forests are accurate for decision 
trees practice of overfitting to their trainingset.  

III.iv.e.    Logistic Regression  

Logistic regression is a predictive model. Logistic regression helps to 
describe data and explain the relationship between one dependent binary variable and 
one or more independent variables. Logistic regression models give unchanging 
values for the descriptive variables if based on a least of about 10 events per 
explanatory variable. “Event” signifies the cases fit into the less frequent class in the 
dependent variable [I]. 

III.v.    Evaluation Techniques 

The evaluation techniques used for this paper is: 

 Confusion matrix. 
 Classification report. 
 
III.v.a.    Confusion Matrix 

The confusion matrix offers a complete overview by summarizing the 
classification results. The confusion matrix showcases the individual results for every 
class by tabulating the predicted and actual values. The following figure shows the 
confusion matrix and components of a confusion matrix. 
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Fig.3: Representation of confusion matrix 

True Positive: True positive shows the number of correct records accurately 
predicted as correct by the model. 

True Negative: True negative indicates the number of negative records accurately 
predicted as negative by the model. 

False Positive: False-positive represents the number of negative records inaccurately 
predicted as positive by the model. 

False Negative: False-negative signifies the number of positive records inaccurately 
predicted as negative by the model [XXIX]. 

III.v.b.    Classification Report 

The classification report presents the recall, F1 score, precision and support 
for the model. The classification report is used to compare the classification models.  

Recall: Recall is the total number of correct positive classes recognized accurately by 
the model.  

  Formula:      Number of accurate positive predictions / total number of positive 
cases. 

Precision:  Precision is the fraction of positive cases accurately recognized among all 
the positive cases prediction. 

Formula:         Number of accurate positive predictions / Total number of positive 
predictions 

F1 Score: F1 is the harmonic mean of precision and recall [XXIX].  

 Support: The support is the total number of trials exist in the class. 

Accuracy: Accuracy is the total number of positive and negative accurate predictions 
proposed by the model.  

Formula:     Number of accurate predictions / total number of predictions [XXIX]. 
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V.   Result and Analysis 

This section of the paper discusses the results of the described 
experimentations in the methodology section. 3.4. The dataset used for human 
activity recognition is UCI-HAR dataset that is collected by the 30 volunteers and 
each volunteer performs all six activities that are chosen forthe experiment. These 
activities are standing, sitting, walking, walking Upstairs, walking Downstairs and 
lying. While performing these activities they were interactingwith the smartphone. 
The smartphone was having embedded accelerometer and gyroscope data sensors that 
are used for activity recognition. 

Table 4: Classification Report for UCI-HAR Dataset 

 

UCI 
HAR 

DATA
SET 

Activities 
Stand
ing 

Sitti
ng 

Lyi
ng 

Walk
ing 

Downst
airs 

Upsta
irs 

Accur
acy 
Rate 

KNN 

Precis
ion 

0.83 0.88 0.95 0.85 0.87 1.00 
 

 

89.1 Recall 0.98 0.89 0.74 0.86 0.86 0.99 

F1Sco
re 

0.90 0.89 0.83 0.85 0.86 1.00 

Gaussi
an NB 

Precis
ion 

0.82 0.76 0.83 0.58 0.8 0.96 
 

 

77.0 Recall 0.84 0.96 0.61 0.75 0.86 0.6 

F1Sco
re 

0.83 0.84 0.70 0.65 0.83 0.74 

Rando
m 

Forest 

Precis
ion 

0.89 0.89 0.96 0.90 0.91 1.00 
 

 

92.4 Recall 0.97 0.91 0.84 0.90 0.91 1.00 

 

F1Sco
re 

0.93 0.90 0.90 0.90 0.91 1.00 

Gradie
nt 

Boostin
g 

Precis
ion 

0.94 0.93 0.97 0.92 0.87 1.00 
 

 

93.7 Recall 0.98 0.93 0.92 0.85 0.94 1.00 

F1Sco
re 

0.96 0.93 0.95 0.88 0.90 1.00 

Logisti
c 

Precis
ion 

0.94 0.97 1.00 0.97 0.90 1.00 
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Table 5: Classification Report for HAPT Dataset 

 The total numbers of samples for standing activity are 496. 494 samples are 
accurately classified while 2 samples are inaccurately classified by the classifier. 
 For sitting activity,thetotal numbers of samples are 471. From these samples, 

448 are classified correctly while 23 samples are inaccurately classified. 
 The sample number for laying activity is 420. In these samples, only 407 are 

classified accurately. On the other hand, 13 samples are inaccurately identified. 
 The number of samples for walking activity is 491. 432 samples are 

identified correctly by the classifier while 59 are classified inaccurately. 
 The recorded samples for walking-downstairs activity are 532 in which 517 

are identified correctly. 15 samples are inaccurately identified by the classifier. 
 537 are the total numbers of samples recorded for walking-upstairs activity. 

537 are accurately identified. 

Regres
sion 

Recall 1.00 0.95 0.97 0.88 0.97 1.00  

96.1 
F1Sco
re 

0.97 0.96 0.98 0.92 0.94 1.00 
  

HAPT 
DATASET 

Activities Standing Sitting Laying Walking Downstairs Upstairs 
Accuracy 
Rate 

KNN 

Precision 0.82 0.95 1.00 0.61 0.78 0.89  

 

87.2 

Recall 0.98 0.74 0.99 0.92 0.43 0.30 

F1Score 0.90 0.83 0.99 0.73 0.55 0.44 

Gaussian 
NB 

Precision 0.83 0.83 1.00 0.41 0.63 0.53  

 

74.7 

Recall 0.84 0.61 0.86 0.84 0.55 0.30 

F1Score 0.83 0.70 0.92 0.55 0.59 0.38 

Random 
Forest 

Precision 0.88 0.95 1.00 0.64 0.66 0.67  

 

90.8 

Recall 0.97 0.84 1.00 0.64 0.55 0.59 

F1Score 0.92 0.89 1.00 0.64 0.60 0.63 

Gradient 
Boosting 

Precision 0.93 0.97 1.00 0.69 0.72 0.67  

 

91.7 

Recall 0.97 0.90 1.00 0.72 0.67 0.59 

F1Score 0.95 0.94 1.00 0.71 0.69 0.63 

Logistic 
Regression 

Precision 0.93 0.99 1.00 0.80 0.72 0.74  

 

94.5 

Recall 0.99 0.97 1.00 0.80 0.63 0.63 

F1Score 0.96 0.98 1.00 0.80 0.67 0.68 
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The confusion matrix for logistic regression applied to HAPT dataset is shown in 
Table 7. 

Table 6: Confusion matrix of Logistic Regression for HAPT Dataset 

Logistic Regression 

 

Predicted 
Standing 

Stan
d to 
Sit 

Sittin
g 

Sit to 
Stan

d 

Stan
d to 
Lie 

Lyi
ng 

Lie 
to 
Sit 

Sit 
to 

Lie 

Lie to 
Stand 

Walki
ng 

Down-
stairs 

Up- 

stairs 

Standing 493 0 3 0 0 0 0 0 0 0 0 0 

Stand  

to Sit 

30 441 0 0 0 0 0 0 0 0 0 0 

Sitting 4 10 406 0 0 0 0 0 0 0 0 0 

Sit  

to Stand 

0 5 0 448 55 0 0 0 0 0 0 0 

Stand  

to Lie 

2 0 0 16 538 0 0 0 0 0 0 0 

Lying 0 0 0 0 0 545 0 0 0 0 0 0 

Lie to  

Sit 

0 2 0 2 2 0 16 0 0 0 1 0 

Sit to 

 Lie 

0 0 0 0 0 0 0 10 0 0 0 0 

Lie to  

Stand 

0 0 0 0 0 0 0 0 24 0 7 1 

Walking 0 0 0 0 0 0 0 0 0 20 0 5 

Down- 

stairs 

2 3 0 2 0 1 0 0 10 0 31 0 

Up- 

stairs 

0 1 0 0 0 0 0 0 0 5 4 17 

 Total number of samples collected for standing is 496. In which 3 of them are 
inaccurately classified and 493 are classified accurately. 
 420 number of samples collected for sitting activity and 406 is accurately 
classified by the classifier. While 14 are not correctly classified. 
 The total samples data collected for lying activity is correctly classified. 
 The number of samples obtained for walking activity is 25. 5 are the number 
of samples that are not classified accurately but 20 is the sample’s number which are 
classified accurately. 
 49 are the total number of downstairs activity samples among which only 31 
are accurately classified. Whereas remaining 18 are not classified accurately. 
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74.731182

87.286527

91.113219
91.777356

94.528779

189.9558873, 
42%

ACCURACY RATE FOR HAPT DATASET
GaussianNB Kneighbors RandomForest

GradientBoosting LogisticRegression

 The samples number for upstairs activity is 27. In these samples 17 are 
classified accurately. On the other hand, 10 samples are inaccurately identified. 
a. Comparison 

Figure4 shows the comparison between the accuracy rate of the classifiers 
that are used in this research for the prediction of human activities. In this research, 
all the classifiers are experimented on the same reduced dataset for obtaining the best 
performance rate of the classifiers. The performance of the Logistic Regression is 
best among all the classifiers. The best accuracy rate is 96% that got from the 
classification of techniques. 

 

Fig.4:Comparison between the Classifiers for UCI-HAR Dataset 

 

Fig. 5:Comparison between the Classifiers for UCI-HAR Dataset 

Figure5 shows the comparison between the accuracy rates of the classifiers for 
second dataset that are used in this research for the prediction of human activities. 

Accuracy
0.00

50.00

100.00
[VALUE] 89.11 93.15 93.76 96.20

Accuracy Rate for UCI-HAR Dataset
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The performance of the Logistic Regression is best among all the classifiers. The best 
accuracy rate is 94.5% that achieved from the classification of techniques. 

VI.    Conclusion and Future Work 

This study presents an approach for human activity recognition (HAR) daily 
based on a publicly available UCI-human activity recognition dataset and HAPT 
dataset. These datasets used accelerometer and gyroscope sensors which are already 
embedded in smartphones, smartwatches and other wearable devices that allow you 
to monitor your daily life body activities. The accelerometer sensor works on 3-
dimensions, so the reduction of dimensions process is applied. The 
PrincipalComponent Analysis helped to decrease the raw data dimensionality features 
and extracted the most significant that can classify human activities. In this study, we 
verified different classification methods to evaluate different human activities such as 
standing, sitting, laying, walking, walking upstairs, and walking downstairs. The 
calculation was performed in pre-processing mode utilizing python with the sci-kit-
learn packages and used different libraries. Several classifiers used in the training and 
testing trials. The logistic regression gives the best and robust performance as related 
to other machine learning classifiers techniques. The accuracy rate achieved from 
Logistic Regression is about 96.19% for the UCI-HAR dataset and 94.5% for 
HAPT dataset. Gradient Boosting also shows a good performance about 93.75% 
accuracy rate as related to other machine learning classifiers such as K-Nearest 
Neighbours 89.10%, Gaussian Naïve Bayes 77.027% and the Random Forest 92.67%.  

In the future work, the activity recognition can be achieved other different method, 
for example, the probabilistic method and the accuracy rate may be compared with 
this machine learning classifier techniques. Furthermore, we plan to extend our 
activity recognition task in some other ways. First, the recognition of human activity 
can also be extended to other different types of activity including context-based 
activity such as watching television, typing, sleeping, toileting, shaving, tooth 
brushing, Hand waving, hand clapping, Boxing, and cooking. Second, we will gather 
more data from a different user with various ages. This research can use to help 
caregivers in monitoring the health of aged people. The third is to explore the 
performance in further tough activities prediction such as bicycling fall detection. 
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