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a b s t r a c t 

Mobile crowdsensing is a recent model in which a group of mobile users uses their smart devices such 

as smartphones or wearable devices to cooperatively perform a large-scale sensing task. In this paper, 

a novel model will be introduced for recognizing/classifying human activities that were collected from 

sensor units on the chest, legs, and arms. The proposed model employed the k -Nearest Neighbor ( k -NN) 

classifier which is one of the most common classifiers. k -NN has only one parameter, k , to determine 

the number of selected nearest neighbors to the test or unknown samples for predicting the class la- 

bels of the unknown samples. Searching for the value of k which has a great impact on the classification 

performance is difficult especially with high dimensional data. This paper employs the Particle Swarm 

Optimization (PSO) algorithm to search for the optimal value of the k parameter in the k -NN Classifier. 

This paper shows first experimentally how the PSO in the proposed algorithm searches for the optimal 

value of k parameter to reduce the misclassification rate of the k -NN classifier. Then, in the second ex- 

periment, ten standard datasets are utilized to benchmark the performance of the proposed algorithm. 

For verification, the results of the PSO- k NN algorithm are compared with two well-known algorithms: 

Genetic Algorithm (GA) and Ant Bee Colony Optimization (ABCO). In the third experiment, the proposed 

PSO- k NN algorithm was employed for recognizing human activities. The experimental results proved that 

the PSO- k NN algorithm is able to find the optimal or near optimal value(s) of the k parameter which en- 

hances the accuracy of k -NN classifier. The results also demonstrated lower error rates compared when 

GA and ABCO algorithms. 

© 2018 Elsevier Ltd. All rights reserved. 

1. Introduction 

Mobile crowdsensing is one of the new sensing models in 

which a group of mobile users utilizes their smart devices such 

as mobiles to cooperatively perform a large-scale sensing task 

( Bedogni, Di Felice, & Bononi, 2012; Montori, Bedogni, Di Chiap- 

pari, & Bononi, 2016; Tomasini, Mahmood, Zambonelli, Brayner, & 

Menezes, 2017 ). Hence, crowdsensing enables carrying on exten- 

sive measurements covering a large area with limited costs. How- 
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ever, crowdsensing has some limitations such as the signal cover- 

age area, battery lifetime, and the heterogeneity of the used hard- 

ware ( Elhoseny, Farouk, Zhou, Wang, Abdalla, & Batle, 2017; Elho- 

seny, Tharwat, Farouk, & Hassanien, 2017; Elhoseny et al., 2015 ). 

With the rapid advances in mobiles and smartphones technol- 

ogy, the size, processing time, weight and cost of commercially 

available inertial sensors have decreased considerably over the last 

decade ( Ahmed et al., 2010; Titterton & Weston, 2004 ). This ad- 

vancement in mobile technology gives the ability to acquire lo- 

cal knowledge using sensor-enhanced mobile devices such as traf- 

fic conditions, surrounding context, noise level, location, and this 

knowledge can be shared ( Elhoseny, Elminir, Riad, & Yuan, 2014; 

Elhoseny, Tharwat, Yuan, & Hassanien, 2018 ). However, automatic 

monitoring of human activities is one of the recent applications 

in this field ( Montori et al., 2016 ). There are many challenges in 

this research area such as collecting data, managing big data, and 

handling noisy data ( Barshan & Yüksek, 2013; Carbajo, Carbajo, 

https://doi.org/10.1016/j.eswa.2018.04.017 

0957-4174/© 2018 Elsevier Ltd. All rights reserved. 

https://doi.org/10.1016/j.eswa.2018.04.017
http://www.ScienceDirect.com
http://www.elsevier.com/locate/eswa
http://crossmark.crossref.org/dialog/?doi=10.1016/j.eswa.2018.04.017&domain=pdf
mailto:engalaatharwat@hotmail.com
mailto:hani.mahdi@eng.asu.edu.eg
mailto:Mohamed_elhoseny@mans.edu.eg
mailto:aboitcairo@gmail.com
http://www.egyptscience.net
http://www.egyptscience.net
https://doi.org/10.1016/j.eswa.2018.04.017


A. Tharwat et al. / Expert Systems With Applications 107 (2018) 32–44 33 

Table 1 

State-of-the-art of human activity classification systems (GMM is short for Gaussian Mixture Model and DT is short for Decision Trees). 

Reference Classifier # Activities # Subjects Results (%) 

( Anguita, Ghio, Oneto, Parra, & Reyes-Ortiz, 2012 ) SVM 6 30 Recall = 89 

( Mantyjarvi, Himberg, & Seppanen, 2001 ) ANN 4 6 Accuracy 83–90 

( Song & Wang, 2005 ) k -NN 5 6 Accuracy 86.6 

( Aminian et al., 1999 ) Threshold-Based 4 5 Accuracy 89.3 

( Bao & Intille, 2004 ) k -NN, NB, DT 20 20 Accuracy 84 

( Allen, Ambikairajah, Lovell, & Celler, 2006 ) GMM 8 6 Accuracy 91.3 

Basu, & Mc Goldrick, 2017; Ibrahim, Tharwat, Gaber, & Hassanien, 

2017 ). 

There are many studies for recognizing human activities. For 

example, video and images were used for detecting human activi- 

ties ( Aggarwal & Cai, 1997; Singh, Bansal, Sofat, & Aggarwal, 2017 ). 

Bandouch et al., tracked the human activities visually when the 

subjects were partially occluded and they achieved promising re- 

sults ( Bandouch, Jenkins, & Beetz, 2012 ). Moreover, in Darby, Li, 

and Costen (2010) , the human activities were analyzed using video 

images and the proposed model was used for security, surveil- 

lance, and entertainment applications. Six activities were recog- 

nized in Luštrek and Kaluža (2009) . Additionally, different activi- 

ties for walking anomalies such as limping, dizziness and hemiple- 

gia were detected and classified by tracking the pose space using 

filtering approach ( Lakany, 2008 ). Mobile crowdsensing paradigm 

will improve the methods, systems, and techniques of the human 

activity recognition. This is due to many reasons such as (1) the 

crowdsensing improves the mobility of humans and hence it sup- 

ports better monitoring of the patients or older people, (2) the 

crowdsensing offers big data collection which can help to analyze 

and monitor humans. 

There are many learning algorithms were used for recognizing 

human activities such artificial Neural Networks (ANNs), Support 

Vector Machines (SVMs), and Naive Bayesian (NB) ( Preece et al., 

2009 ). In supervised learning methods, there are two main phases, 

namely training and testing phases. In the training or learning 

phase, the parameters of a classifier are adjusted using the input 

data, i.e. training samples, and their corresponding outputs, i.e. tar- 

gets or responses. Next, the classifier can be used to estimate the 

class label for an unknown sample ( Luts et al., 2010 ). There are dif- 

ferent types of classifiers and each classifier has different param- 

eters, which control the accuracy of that classifier Bedogni et al. 

(2016, 2015) ; Reinhardt, Christin, and Kanhere (2013) ; Yao, Kan- 

here, and Hassan (2008) . Table 1 shows some state-of-the-art hu- 

man activity classification models. 

k-Nearest Neighbor ( k -NN) classifier is one of the simplest clas- 

sifiers. Thus, it has been used in different applications. The main 

idea of k -NN classifier is to select the nearest k labeled samples to 

an unknown sample and assigns the class label that has the most 

neighbors. Thus, the k -NN classifier has no explicit training phase, 

and there is no classification model is built, and hence all training 

samples are needed during the testing phase ( Duda, Hart, & Stork, 

2012; Tharwat, Ghanem, & Hassanien, 2013 ). 

In the k -NN classifier, the neighborhood parameter k plays 

an important role in the accuracy of the k -NN classifier. Mo- 

hammed Islam et al. investigated the influence of k parameter 

on the accuracy of k -NN classifier using try and error method 

( Islam, Wu, Ahmadi, & Sid-Ahmed, 2007 ). They used the Euclidean 

distance and different values of k . They found that the best ac- 

curacy achieved when the value of k was five. In another study, 

cross-validation methods were used to estimate the misclassifica- 

tion rate for different values of k and choose the k value which 

leads to the lowest misclassification rate ( Lachenbruch & Mickey, 

1968; Stone, 1978 ). They found that two or more values of k 

achieved low misclassification rate, but it was difficult to choose 

the optimum one. In another study, Anil K. Ghosh compared be- 

tween Cross-Validation (CV), Likelihood Cross-Validation (LCV), and 

Bayesian methods to choose the optimal value of k . They found 

that the Bayesian method performed better than its competitors 

( Ghosh, 2006 ). Behrouz et al., used the k -NN classifier to predict 

the compressive strength of a high-performance concrete. They 

proposed different models to investigate the effects of the number 

of neighbors, the distance function, and the attribute weights on 

the performance of the models. They used a modified version of 

the Differential Evolution (DE) optimization algorithm to find the 

optimal model parameters. 

Different studies used evolutionary algorithms to search for 

classifiers’ parameters that were used to build a classification 

model with a high prediction accuracy and stability. For example, 

in SVM, many optimization algorithms were employed for opti- 

mizing SVM parameters such as penalty parameter and the kernel 

parameters which controlling the complexity and accuracy of pre- 

dicting models ( Subasi, 2013; Tharwat & Hassanien, 2017; Tharwat, 

Hassanien, & Elnaghi, 2016 ). In the NN classifier, different opti- 

mization algorithms were employed for finding the weights which 

need to be adjusted to achieve a high classification accuracy and 

to avoid the local minima problem ( Mirjalili, 2015a; 2015b; Ya- 

many, Fawzy, Tharwat, & Hassanien, 2015a; Yamany et al., 2015b ). 

In this paper, the Particle Swarm Optimization (PSO) algorithm will 

be employed for optimizing k -NN classifier. 

PSO was first developed by Kennedy and Eberhart in 1995 

( Yang, 2014 ). Many researchers have applied PSO in many opti- 

mization problems. For example, PSO was used to select the most 

discriminative features ( Liu et al., 2011; Wang, Yang, Teng, Xia, & 

Jensen, 2007 ). Shih-Wei et al., used PSO as a feature selection and 

to search for SVM parameters to achieve a high accuracy ( Lin, Ying, 

Chen, & Lee, 2008 ). Moreover, PSO was used to search for the opti- 

mal Proportional-Integral-Derivative (PID) controller parameters of 

an Automatic Voltage Regulator (AVR) system ( Gaing, 2004; Kao, 

Chuang, & Fung, 2006 ). In electromagnetic, Jacob and Yahya were 

used PSO and Genetic Algorithm (GA) to search for the values of 

five parameters that define a horn best suited for the specific ap- 

plication ( Vesterstrøm & Thomsen, 2004 ). They found that PSO is 

both a practical and powerful optimization tool suited for a variety 

of engineering applications. 

In this paper, a PSO-based algorithm called PSO- k NN is pro- 

posed. In this proposed algorithm, PSO was utilized to search for 

the k parameter in the k -NN classifier. In this paper, three different 

experiments were introduced. In the first experiment, a simulation 

example was presented to explain numerically how the PSO algo- 

rithm searches for the optimal value(s) of the k parameter which 

improves the classification performance. The goal of this experi- 

ment is to show how the proposed model is simple and achieves 

competitive results. For more evaluation, the aim of the second ex- 

periment is to test the performance of our proposed model (PSO- 

k NN) using ten standard datasets. This experiment has different 

sub-goals. First, an experiment was conducted to adjust the pa- 

rameters (number of particles and number of iterations) of the 

PSO algorithm. Second, different experiments were conducted to 

test the proposed algorithm using datasets with (1) different num- 
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