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Abstract - This work select the features in high dimensional 
data using CBFS Feature selection algorithm by 
ElectroOculoGraph (EOG) signals using eye movements of 
reading and writing task. EOG measures the changes in the 
electric potential field caused by eye movements. This work has 
three phases; the first phase identifies and removes noise from 
the signal. The second phase involves analysis of EOG signals by 
CBFS Feature Selection method and the third phase classifies 
EOG signals using various conventional classifiers.

Keywords - ElectroOculoGraph (EOG); Eye Movements; 
Clearness Based Feature Selection; classifiers.

I. INTRODUCTION

Traditionally, activity recognition research has focused on 
gait, posture, and gesture.  The recognition of activities such as 
reading and writing are investigated during stationary and 
mobile settings using different eye tracking techniques. These 
studies aimed to model visual behavior during specific tasks 
using small number of well known eye movement 
characteristics.  All the researchers tried to investigate the 
relationship between the task and eye movements, but they did 
not recognize the activity using eye movement characters.  

Emerging number of research use video-based eye trackers 
to study eye movements in natural environments [25].  This 
shows advances on how the brain processes tasks and the role 
of visual system in processing the task. To investigate the 
visual behaviour eye movements are used as a tool.  
Hacisalihzade transformed fixation sequences into strings and 
used Markov processes to model visual fixations of observers 
to recognize an object [13]. Salvucci assessed means for 
automated analysis of eye movements using Hidden-Markov 
models and sequence matching [33]. Ruo-Fei Du, Ren-Jie Liu, 
Tian-Xiang Wu and Bao-Liang Lu designed a system to 
analysis vigilance level combining both video and 
Electrooculography (EOG) features [41].

*https://www.andreas-bulling.de/datasets/recognition-of-office-activities/

Andreas Bulling is the first to describe and apply a 
general-purpose architecture for Eye-based Activity 
Recognition to the problem of recognising everyday activities
for context inference and cognitive awareness [9].

The ElectroOculography (EOG) is a technique for 
measuring the resting potential of the retina.  The signal from 
this technique is called the ElectroOculoGram.  EOG is the 
electrical signal measurable around the eyes and can be used to 
detect eye movements with careful signal processing. Vertical 
movements are detected by placing electrodes above and below 
the eye and horizontal movements are detected by placing the 
electrodes to the left and right of the eye. Fig.1 denotes the 
electrode placements to acquire EOG signals.

Fig. 1 A Sample ElectroOculoGraphy

EOG amplitude varies as the eyeball rotates, and thus 
can be used to determine horizontal and vertical eye 
movements. Fig. 2 denotes a sample Electrooculogram 
signal while rotating the eyes towards right by 300 and left 
by 150. 
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Fig. 2 A Sample ElectroOculoGram

Activity recognition has become an important topic for a 
broad range of real-life applications such as patient monitoring,
vigilance systems, and a variety of systems that involve 
interactions between persons and electronic devices such as 
human-computer interfaces. A rich source of information for 
activity recognition is the movement of the eyes [1]. This work 
demonstrates the machine recognition of reading and writing 
activities using EOG signals and reduces the computational 
complexity which mainly occurs during the feature selection.

II. METHODOLOGY

A. EOG Data Collection

The first process is data collection. The data used in this 
study is collected from the Andreas Bulling “RECOGNITION 
OF OFFICE ACTIVITIES” * data set [9]. In this for each 
subject, ~8 hours of eye movement data using a wearable 
Electrooculography (EOG) system were collected. The data 
collection for this work involved two major office-based 
activities - reading a printed paper, taking handwritten notes. 
We used the columns of data found in mat files representing 
the time, voltage readings of EOG signals, during reading and 
writing activities.

B. Preprocessing

 Denoising

EOG signal characteristics are needed to be preserved by
denoising method. First, the sharpness of signal needs to be 
retained to detect blinks and saccades. Second, EOG signal 
amplitudes.  The EOG signal amplitudes able to distinguish 
between different types and directions of saccadic eye 
movements [5]. Finally, denoising filters must not introduce 
signal artefacts that may be misinterpreted as saccades or 
blinks in subsequent signal processing steps. The median filter 
performed denoising best in EOG signals and it preserved the 
edge sharpness of saccadic eye movements. 

 Feature Extraction

The mission of the feature extraction and feature selection 
is to obtain the most relevant information from the original 
data and represent that information in a lower dimensionality 
space.

 Basic Eye Movements

Basic eye movements such as Saccades, Fixations and 
Blinks can be detected from the processed EOG signals. Basic 
eye movement’s features such as Mean, Trim mean (Trimmed 
Mean), Median, Variance, Standard deviation, z-score, sign-
rank, kurtosis, sample entropy, HFD (Higuchi’s Fractional 
Dimension) can be detected from the processed Horizontal 
and Vertical EOG signals.

C. Feature Selection

Feature selection is important in many pattern recognition 
problems for excluding irrelevant and redundant features. The 
feature selection improves the recognition accuracy by 
reducing computational time and system complexity. Feature 
selection is a search problem for finding an optimal or 
suboptimal subset of m features out of original M features. 
Many feature subset selection algorithms have been proposed.  
These algorithms can generally be classified as wrapper or 
filter algorithms according to the criterion function used in 
searching for good features. 

In a wrapper algorithm, the performance of the classifier is 
used to evaluate the feature subsets. In a filter algorithm, some 
feature evaluation function is used rather than optimizing the 
classifier’s performance. Many feature evaluation functions 
have been used particularly functions that measure distance, 
information, dependency, and consistency. Wrapper methods 
are usually slower than filter methods but offer better 
performance. The simplest feature selection methods select 
best individual features and a feature evaluation criterion is 
used to rank individual features.  Then the highest ranked n
features are selected. Feature ranking methods can exclude 
irrelevant features, they often include redundant features. The 
minimal-redundancy-maximal-relevance (mRMR) algorithm 
is another sequential forward selection algorithm [7]. It uses 
mutual information to analyze relevance and redundancy. The 
mRMR scheme selects the features that correlate the strongest 
with a classification variable and combined with selection 
features that are mutually different from each other have high 
correlation and it is denoted by the equation 1.
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Where );( YXI n
-measure of dependence between feature Xn

and target Y.

);();( 1:1:1 YXIYXIJ nn  - difference in information with and 

without the feature Xn.

S- Feature Set    |S| - number of features

However, mRMR grows the selected subset by adding the 
feature that has the maximum difference between its relevance 
measure and its aggregate redundancy measure with the 
already selected features. The mRMR scores the features 
based on mutual information.
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In this paper, we concentrate on improving the feature 
extraction (in EOG signals) stage by selecting efficient subset 
of features. We extract 13 statistical features from a database 
of EOG signals for a particular subject. These features are 
used in reading and writing Activity recognition. We use 
clearness based feature selection technique to select and 
recommend good features for recognizing activities. We 
analyse the recognition accuracy as a function of the feature 
subset size using various conventional classifiers.
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Fig. 3 EOG signals: SUBJECT10 during Reading.
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Fig. 4 EOG signals: SUBJECT10 during Writing

 Clearness Based Feature Selection (CBFS)

CBFS calculates the distance between the target sample 
and centroid of each class. It compares the class of the nearest 
centroid with the class of the target sample. The matching 
ratio becomes a clearness value for the individual feature.

Clearness based feature selection (CBFS) algorithm which 
can be classified as a filter method. Clearness means the 
separability between classes in a feature. If (clearness of 
feature f2) > (clearness of feature f1), then f2 is more 
advantageous to classification than f1.

Step 1.  

The centroid for read and write is calculated by average 
operation. It is the median point of a class.  Med (fi, j) denotes 
the median point of class j in the feature fi, which is calculated 
by equation 2:
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Where k is a number of samples of class j. 

The Table 1 list the median point of class Reading and 
Writing for each feature.

Table 1: Med (fi,j) for each class
Feature Class(read) Class(write)
Mean 15.11973 16.24934

Trim mean 15.12032 16.24328

Inter quartile range 0.048505 0.116869

median absolute 
deviation

0.028197 0.069294

Standard deviation 0.035405 0.084569

Variance 0.002126 0.011101

Median 15.12132 16.25746

z-score 0.553406 0.353346

sign-rank 1.84E-10 3.63E-10

Hurst Exponent 0.899231 0.943017

HFD* 1.584791 1.510738

Sample Entropy 0.748001 5.011675

Kurtosis 0.352229 3.17936

                   *Higuchi’s Fractional Dimension

Step 2.

For each xij in sample predicted class label is calculated. 
After calculating the distance between xij and Med (fj,ci) for all 
classes, we take the nearest centroid Med(fj, s) and s is a 
predicted class label for xij. The distance from xij to Med(fj, t) 
is calculated using:

|),(|),(,( tfMedxtfMedxD jijjij                                    (3)

Step 3.

Calculate n × m matrix M2 which contains a matching result 
of predicted class label and correct class label in CS. 
M2(i,j) is calculated by:
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Step 4.

Calculate CScore (fi).initially we calculated CScore (fi) by:
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The range of CScore (fi) is [0, 1]. If CScore (fi) is 
close to 1, this shows that classes in feature fi are clustered 
well and elements in fi can be clearly classified. The Table 2 
list all the features with its clearness score.
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Table 2: Clearness Scoring for each features
Feature CScore(fi)

Mean 0.75

Trim mean 0.75

Inter quartile 
range

0.675

Median absolute 
deviation

0.625

Standard 
deviation

0.625

Variance 0.675

Median 0.75

z-score 0.625

sign-rank 0.5

Hurst Exponent 0.575

HFD 0.6

Sample Entropy 0.625

Kurtosis 0.725

The Table 3 list the score for selected features by CBFS 
feature selection and mRMR feature selection.

Table 3: Feature selection method CBFS with its selected features

Feature Selection 
Method

Order Feature
Number

Name C Score

CBFS 1 1 Mean 0.75
2 2 Trim 

mean
0.75

3 7 Median 0.75

CScore (fi) measures the clearness of the feature. The 
selected features by CBFS feature selection algorithm is 
shown in Table 3 with its CScore. The clearness score for 
Mean, Trim mean and Median has same values and these 
features alone can clearly classify the physical activities such 
as read and write in EOG signals effectively and efficiently.  

III. CONVENTIONAL CLASSIFICATION METHODS

For classification without CBFS we used all 13 features and 
with CBFS we selected only 3 features (Mean, Trim mean, 
Median) with high scores as 0.75 CScore (fi).

Decision tree is a tree structure where non-terminal nodes 
represent tests on one or more attributes and terminal nodes 
reflect decision outcomes. The strengths of decision trees are 
easy to understand, map nicely to set of production rules, can 
able to process both numerical and categorical data. We use 
Random Tree for tree based classifier. Fig. 5 illustrates the 
tree structure of the random tree classifier with all 13 features.

Fig. 5 Tree structure of RandomTree classifier (with all features)

Naïve Bayes classifier relates the conditional and marginal 
probabilities of stochastic events A and C.  The strength of 
Bayes algorithm are simplicity, efficiency, convenience.  We 
use Naïve Bayes and Bayes Net classifiers based on Bayes 
theorem.

)(

)()|(
)|(

AP

CPCAP
ACP


           (6)

where P is the probability of variable
C is the hypothesis to be tested 
A is evidence associated with C
Neural Network based classification extract patterns or 

trends from data which is too complex or imprecise to be 
noticed by humans or other computer algorithms. Strength of 
Neural Network based classifiers are works well with noisy 
data, can process numerical and categorical data, can perform 
well in several domains. We use multilayer perceptron for 
artificial neural network based classification in EOG dataset.

SVM is a margin classifier that draws an optimal hyper 
plane in the feature vector space and defines a boundary that 
maximizes the margin between data samples in two classes.
This leads leading to good generalization properties. A key 
factor in SVM is to use kernels to construct nonlinear decision 
boundary. We use weka software which implements John
Platt’s Sequential Minimal Optimization (SMO) algorithm for 
training a support vector classifier.  

Bagging is the process of developing a model for each 
random sample. Bagging classifies an unknown sample based 
on what majority of the models predict. In boosting, increased 
focus is given to misclassified instances to capture their 
behaviour well. We use AdaBoostM1 performance with J48 
classifier.

IV. EMPIRICAL RESULTS

The basic problem of classification is to classify a given 
instance (40 instances with 6705 reading samples and   23492 
writing samples) to one of the known classes (Read/Write). A 
set of features presumably contains enough information to 
distinguish among the classes. The problem of classification is
defined by all its features. The number of features can be quite 
large, many of which can be irrelevant or redundant in 
classification task. Here we use various conventional 
classifiers and the results are tabulated.
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Table 4: Detailed Accuracy by Class with conventional classifiers

Method TP
Rate

FP 
Rate

Precision Recall F-
Meas
ure

ROC 
Area

Class

Naive Bayes

(With All 
Features)

0.667 0.500 0.500 0.500 0.500 0.708 Read

0.500 0.333 0.667 0.667 0.667 0.708 Write

0.571 0.405 0.595 0.571 0.571 0.708 Average

Naive Bayes

(With 3 
CBFS 
Features)

0.500 0.125 0.750 0.7500 0.750 0.708 Read

0.875 0.500 0.700 0.700 0.700 0.708 Write

0.714 0.339 0.721 0.714 0.702 0.708 Average

BayesNet

(With All 
Features)

0.500 0.000 1.000 1.000 1.000 0.823 Read

1.000 0.500 0.727 0.727 0.727 0.823 Write

0.786 0.286 0.844 0.786 0.767 0.823 Average

BayesNet

(With 3 
CBFS 
Features)

0.500 0.000 1.000 1.000 1.000 0.750 Read

1.000 0.500 0.727 0.727 0.727 0.750 Write

0.786 0.286 0.844 0.786 0.767 0.750 Average

SMO (With 
All Features)

0.500 0.250 0.600 0.600 0.600 0.625 Read

0.750 0.500 0.667 0.667 0.667 0.625 Write

0.643 0.393 0.638 0.643 0.637 0.625 Average

SMO (With 3 
CBFS 
Features)

0.500 0.000 1.000 1.000 1.000 0.750 Read

1.000 0.500 .727 0.727 0.727 0.750 Write

0.786 0.286 0.844 0.786 0.767 0.750 Average

Multilayer 
Perceptron

(With all 
features)

0.667 0.500 0.500 0.500 0.500 0.646 Read

0.500 0.333 0.667 0.667 0.667 0.646 Write

0.571 0.405 0.595 0.571 0.571 0.646 Average

Multilayer 
Perceptron

(With 3 
CBFS 
features)

0.500 0.000 1.000 1.000 1.000 0.500 Read

1.000 0.500 0.727 0.727 0.727 0.500 Write

0.786 0.286 0.844 0.786 0.767 0.500 Average

Lazy K-Star 
(With all 
Features)

0.667 0.250 0.667 0.667 0.667 0.813 Read

0.750 0.333 0.750 0.750 0.750 0.813 Write

0.714 0.298 0.714 0.714 0.714 0.813 Average

Lazy K-Star 
(With 3 
CBFS 
Features)

0.833 0.250 0.714 0.714 0.714 0.896 Read

0.750 0.167 0.857 0.857 0.857 0.896 Write

0.786 0.202 0.796 0.786 0.787 0.896 Average

AdaBoostM
1

(With all 
Features)

0.833 0.125 0.833 0.833 0.833 0.750 Read

0.875 0.167 0.875 0.875 0.875 0.750 Write

0.857 0.149 0.857 0.857 0.857 0.750 Average

AdaBoostM1 
(With 3 
CBFS 
Features)

0.667 0.000 1.000 1.000 1.000 0.667 Read

1.000 0.333 0.800 0.800 0.800 0.667 Write

0.857 0.190 0.886 0.857 0.851 0.667 Average

Random 
Tree (With 
all Features)

0.833 0.000 1.000 1.000 1.000 0.917 Read

1.000 0.167 0.889 0.889 0.889 0.917 Write

0.929 0.095 0.937 0.929 0.927 0.917 Average

Random Tree 
(With 3 
CBFS 
Features)

0.667 0.375 0.571 0.571 0.571 0.646 Read

0.625 0.333 0.714 0.714 0.714 0.646 Write

0.643 0.351 0.653 0.653 0.645 0.646 Average

We use the default settings and apply as possible 
conventional classifiers to EOG datasets before and after 
EBFS feature selection, and obtain the results of percentage 
split (66%- for training data) in Table 4. In the table we report 
performance by TP Rate, FP Rate, Precision, Recall, F-
Measure and ROC Area. The dataset is divided into training 
set with two-third of original and rest one-third for testing 
instances. We focus CBFS feature selection algorithm in order 
to improve the classification. The detailed accuracy by class 
results are shown in Table 4 with an emphasis on the 
difference before and after feature selection. This shows after 
feature selection class accuracy increase by minimum number 
of features (3 out of 13 features). The evaluation of a feature 
subset becomes simpler than that of a full set.  

The Bayes theorem based classifiers Naive Bayes and 
Bayes Net showed a noticeable difference in accuracy.  The 
Precision(0.844), Recall(0.786) and F- Measure(0.767) of 
BayesNet is little more than that of the other method 
NaiveBayes.  The ROC area(0.750) indicates that it performs 
as usual as the other methods such as support vector machine,  
neural network and tree based method.

By using CBFS features the SVM based classifier and 
Neural Network based classifier performance is increased by  
precision as 84.4%, recall as 78.6%, and has F-Measure of 
76.7% with ROC Area of 75%.  The lazy learner with CBFS 
classified the task with improved ROC area 89.6%, F-
Measure of 78.7% but the precision value 79.6% which is 
lower than that of other classifiers.

Bagging and Boosting (after CBFS) performance 
evaluation by AdaBoostM1 shows the maximum precision of 
88.6% and recall of 85.7%.  But the ROC area for which is 
low (66.7%).

Though all the classifier performance is increased by 
CBFS feature selection algorithm is increased in terms of 
precision, recall and accuracy the Decision Tree based 
classifier performance is decreased by using CBFS features.  
The features set with all features classifies reading and writing 
on an average of TP as 92.9% , precision as 93.7%,recall as 
92.9% , F-Measure as 92.7% and ROC area as 91.7%  which 
is the best among all other classifiers performance.  When 
CBFS features are used with decision tree based classifier 
(Random Tree) performance is worsen (precision 65.3%,recall 
65.3%, F-measure 64.5% and ROC Area 64.6%).

CONCLUSION AND FUTURE WORK

By using CBFS we improved the feature extraction (in 
EOG signals) stage by selecting efficient subset of features. 
We extract 3 (Mean, Trim mean, Median) clearly separable 
statistical features from a database of EOG signals.  The 
classification result Table 5 shows that decision tree based 
classifier with CBFS features in EOG signal is not suitable. 
All the features may be considered for classification using the 
Decision Tree classifier for better performance.  The reduced 
set of CBFS features with other classifiers alone we classified 
EOG signals effectively and efficiently for reading and writing 
activity.  By this we recommend good features for recognizing 
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reading and writing in EOG signals. We analyse the 
recognition accuracy as a function of the feature subset size 
using conventional classifiers. CBFS CScore evaluates each 
statistical feature based on degree of condensation of samples 
to the centroid of the classes such as read and write, and 
reduces the validation errors.  CBFS features took minimum 
time for building the model with compared to all features.  
The problem of over fitting exists between the classes.  This 
work can be extended in various directions. We plan to 
explore a line of research that focuses on comparison of 
different feature selection methods with different set of 
features from EOG signals of various activities.
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