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Abstract— Human Activity Recognition (HAR) is a well-

researched area that aims to recognize the activity performed 

by a person. But the practical applications often encounter 

complications such as “The curse of dimensionality” and 

“Redundant features” which results in their poor 

performance. Hence, the need for feature selection is very 

imperative in such cases. This paper aims at identifying the 

subsets of HAR dataset that consists of most important and 

relevant features using Boruta Feature Selection Algorithm. 

Because the dataset with less number of features that are more 

relevant requires less computational time to train the 

classifier and it also improves the accuracy rate of the 

classification model. Upon identification, this paper also 

implements Support Vector Machines (SVMs) classification 

algorithm on identified subsets as well as HAR dataset. 

Furthermore, comparing the accuracy rates attained by the 

classifier on different subsets as well as their computational 

time. 
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I. INTRODUCTION 

Since the 1980s activity recognition field has captivated the 

attention of several computer science researchers and 

communities with its strength to provide personalized support 

for wide range of applications along with its connections in 

different research fields such as medical, security and human-

computer interactions [4]. Human Activity Recognition 

mainly focuses on identifying the activity carried out by a 

person given the set of observations of the person and the 

surrounding environment. Recognition can be achieved by 

exploring the information retrieved from various sensors 

either environmental or body-worn sensors [5][6][7][8]. 

 Today's smartphones are coming with advanced 

built-in sensors such as accelerometers and gyroscopes which 

seamlessly keep track of our activities. Accelerometer 

captures the linear acceleration and gyroscope captures the 

angular velocity. [6][7][8] The HAR dataset which we have 

collected consists of 561 time domain and frequency domain 

features gathered from these embedded sensors readings of a 

smartphone. The HAR dataset was built by Davide Anguita, 

Alessandro Ghio, Luca Oneto, Xavier Parra and Jorge L. 

Reyes-Ortiz from the recordings of 30 subjects doing 6 

activities of daily living (standing, sitting, laying, walking, 

walking-upstairs and walking-downstairs) while wearing a 

waist-mounted smartphone. This dataset was randomly 

partitioned into two sets, where 70% of the volunteers were 

selected for generating the train data and 30% of the 

volunteers for generating the test data [1][2][3]. 

 In machine learning, feature selection is one key 

step, which helps us to identify relevant features from a 

dataset that consist of far too many variables for model 

building. The All-Relevant Feature selection identifies all 

variables of the dataset those are in some circumstances 

relevant for classification, which provides us with a way to 

understand the mechanisms behind the subject of interest, 

rather than building a black-box predictive model. This step 

enables the machine learning classifier to train faster, 

improves the accuracy rate of a model when the right subset 

is identified and reduces overfitting of the model. [9][10][11] 

 This paper mainly focuses on identifying the subsets 

of HAR dataset that consists of most relevant features that 

improve the accuracy rate of the classification model. 

II. METHODOLOGY 

A. Data Preprocessing 

The first phase is data preprocessing. Here the dataset is 

preprocessed by removing null values and redundant 

variables. If the dataset consists of either redundant 

information or noisy data, the knowledge discovery during 

the training phase will be more difficult and will result in the 

construction of an erroneous model. [12] 

B. Boruta Feature Selection 

The feature selection plays an important role in extracting 

useful information from a high-dimensional dataset that 

consists of far too many features. It helps in training the 

model faster, reduces the complexity and improves the 

overall performance of the model with the right set of features 

[9][10][11]. Boruta is a feature selection algorithm, which is 

a wrapper algorithm built around random forest classification 

algorithm. It follows all-relevant feature selection method 

where it captures all features which are in some circumstance 

relevant to the outcome features. [13][14] Boruta feature 

selection algorithm was applied only on HAR train dataset. 

 Firstly, it replicates the dataset and creates shadow 

features by rearranging the values of all features. On this 

dataset, it trains random forest classifier and applies Mean 

Decrease Accuracy, which is a feature importance measure. 

After every iteration, the algorithm checks if the real feature 

has the higher importance than its best shadow features (i.e., 

if the feature has a higher Z score than the maximum Z score 

of its shadow feature). Features that don't have higher mean 

value are considered to be unimportant and are removed from 

the original dataset. The algorithm terminates after 

completing the given set of iterations or if all the features 

have been either confirmed or rejected. [13][14] 

 By default, the Boruta algorithm iterates for 100 

randomForest runs (i.e., the maximum number of iterations). 

Most of the time, all the attributes of a dataset either gets 

confirmed or rejected before the completion of default 100 

runs. In some cases, attributes take more than 100 runs 

depending on the complexity of the dataset. [13][14] In our 

paper, we have implemented a various set of iterations by 

increasing maxRuns parameter of Boruta algorithm (refer to 

Table Ⅰ). However, even after 1000 randomForest runs, the 

Boruta algorithm couldn't judge few attributes either as 

confirmed or rejected and left them as tentative attributes. 
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Number of Max 

Runs 

Confirmed 

Attributes 

Rejected 

Attributes 

Tentative 

Attributes 

25 317 3 242 

50 365 40 157 

75 404 47 111 

100 407 56 99 

150 413 64 85 

200 421 69 72 

250 419 73 70 

300 423 79 60 

500 430 92 40 

1000 440 94 28 

Table 1: Results Obtained at the end of Each Iteration of 

Boruta Feature Selection Algorithm 

 Boruta package contains TentativeRoughFix() 

function which helps in fixing the leftover tentative attributes 

(i.e., the attributes which are not yet confirmed or rejected) 

[13][14]. In our paper, we have applied TentativeRoughFix() 

function at the end of every set of iteration and tabulated the 

results in Table Ⅱ. As a result of this phase for every 

maxRuns assigned to the algorithm, we have obtained a 

subset of HAR dataset with respective confirmed attributes. 

Number of Max 

Runs 

Confirmed 

Attributes 

Rejected 

Attributes 

25 522 40 

50 466 96 

75 469 93 

100 460 102 

150 466 96 

200 460 102 

250 464 98 

300 457 105 

500 453 109 

100 459 103 

Table 2: The Final Results Obtained after Applying 

Tentative Rough Fix Function 

C. Multiclass Support Vector Machine Classification 

In machine learning, classification is a supervised learning 

approach; the classifier learns from the inputs of train data 

and then uses this learning to classify new observations of test 

data. Support Vector Machine is a well-known and state-of-

art binary classifier that performs classification by finding the 

hyperplane that maximizes the margin between two classes. 

In case of classifying more than two classes, it uses One-Vs-

One approach. Support vectors are the data points of a dataset 

nearest to the hyperplane, which plays a critical role in 

classification task and if removed would alter the position of 

the dividing plane. [15][16] 

 In this paper, we have applied a popular SVM 

technique known as the Kernel Trick. These are the functions 

called as kernels, which take low dimensional input space and 

transform it into higher dimensional space. This technique 

helps in converting a non-separable problem into a separable 

problem [17][18][19][20]. We have trained the SVM 

classifier with respective train data of all subsets of HAR 

dataset obtained after feature selection phase and on the train 

data of HAR dataset individually. Then these classification 

models are used to classify the observations of their test data 

into their respective classes (refer to Table Ⅲ). 

Test Cases 
SVM 

(Linear Kernel) 

SVM 

(Radial Basis Function) 

SVM 

(Polynomial Kernel) 

HAR dataset 95.66% 95.25% 92.50% 

25 maxRuns subset 95.83% 95.22% 92.53% 

50 maxRuns subset 95.59% 95.45% 92.60% 

75 maxRuns subset 95.89% 95.55% 92.60% 

100 maxRuns subset 95.76% 95.52% 92.67% 

150 maxRuns subset 95.65% 95.55% 92.60% 

200 maxRuns subset 95.72% 95.42% 92.47% 

250 maxRuns subset 95.67% 95.55% 92.40% 

300 maxRuns subset 95.62% 95.49% 92.77% 

500 maxRuns subset 95.76% 95.49% 92.37% 

1000 maxRuns subset 95.62% 95.59% 92.26% 

Table 3: Accuracies Obtained by SVM Classification Algorithm with Different Kernels on Various Test Cases

 From Table 3, we can say that only two test cases 

(75 and 100 maxRuns subsets) have achieved higher accuracy 

rates of SVM classification model with all three kernels 

(Linear, Radial Basis Function and Polynomial) when 

compared with accuracy rate obtained by same SVM 

classification model on HAR dataset. A Confusion Matrix is 

used to visualize the performance of the SVM classification 

algorithm. 

 
Fig. 1: Confusion Matrix of SVM Linear Kernel 

Classification Result on HAR Dataset 

 
Fig. 2: Confusion Matrix of SVM Radial Basis Function 

Classification Result on HAR Dataset 

 
Fig. 3: Confusion Matrix of SVM Polynomial Kernel 

classification result on HAR dataset 
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Support Vector 

Machine (SVM) 

Kernel Type: 

Accuracy 

Obtained 

Computational 

Time 

Linear Kernel 95.66% 21 seconds 

Radial Basis 

Function 
95.25% 60 seconds 

Polynomial Kernel 92.50% 62 seconds 

Table 4: Accuracies Obtained and Computational Time 

Taken by SVM Classification Algorithm with Different 

Kernels on HAR Dataset 

 
Fig. 4: Confusion Matrix of SVM Linear Kernel 

Classification Result on the Identified Subset of 75 

maxRuns 

 
Fig. 5: Confusion Matrix of SVM Radial Basis Function 

Classification Result on the Identified Subset of 75 

maxRuns 

 
Fig. 6: Confusion Matrix of SVM Polynomial Kernel 

Classification Result on the Identified Subset of 75 

maxRuns 

Support Vector 

Machine (SVM) 

Kernel Type: 

Accuracy 

Obtained 

Computational 

Time 

Linear Kernel 95.89% 18 seconds 

Radial Basis 

Function 
95.55% 53 seconds 

Polynomial Kernel 92.60% 55 seconds 

Table 5: Accuracies Obtained and Computational Time 

Taken by SVM Classification Algorithm with Different 

Kernels on the Subset of 75 maxRuns 

 
Fig. 7: Confusion Matrix of SVM Linear Kernel 

Classification Result on the Identified Subset of 100 

maxRuns 

 
Fig. 8: Confusion Matrix of SVM Radial Basis Function 

classification result on the identified subset of 100 maxRuns 

 
Fig. 9: Confusion Matrix of SVM Polynomial Kernel 

classification result on the identified subset of 100 maxRuns 

Support Vector 

Machine (SVM) 

Kernel Type: 

Accuracy 

Obtained 

Computational 

Time 

Linear Kernel 95.76% 16 seconds 

Radial Basis 

Function 
95.52% 48 seconds 

Polynomial Kernel 92.67% 50 seconds 

Table 6: Accuracies Obtained and Computational Time 

Taken by SVM Classification Algorithm with Different 

Kernels on the Subset of 100 maxRuns 

 
Fig. 10: Comparing Accuracies obtained by SVM 

classification algorithm with different kernels on the HAR 

datasets, 75 maxRuns and 100 maxRuns subsets (From 

Table 4, 5, and 6) 

D. Requirements 

 Cran R 

 Rstudio 

 Human Activity Recognition (HAR) dataset 

III. PROPOSED SYSTEM 

The designed system enables the user to identify a subset of 

HAR dataset that consists of most important and relevant 

features. Upon identification of this subset, the system 

enables the user to train the classifier on the train data of 

selected features and then apply this trained classification 

model on the test data of selected features to classify the 

activities more accurately. More functionalities are proposed 

to be added to this system such as: 

 Expanding beyond simple human activities i.e., not just 

recognizing simple human activities but also complex 

human activities like jogging, cycling, and swimming 

 Applying other feature selection algorithms that may suit 

the best to the HAR dataset 

 Implementing advanced machine learning classification 

algorithms like Convolutional Neural Network (CNN) 

that can more accurately classify the activities with 

minimum error 
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IV. CONCLUSION 

On implementing the Boruta feature selection algorithm, the 

computational time taken to train the classifier has decreased, 

and the accuracy rate of the trained classification model has 

improved with the right subsets of HAR dataset. From all the 

results obtained, we can say that HAR dataset is more linearly 

separable as the SVM linear kernel has obtained highest 

accuracy for all test cases. The scope of this paper is to 

enhance the accuracy rate of a classification model by 

implementing feature selection on HAR dataset, which 

identifies subsets that consist of only most important and 

relevant features. This research has assisted us in 

understanding the HAR dataset and the mechanism of 

algorithms. 
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