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1 Introduction

Many people in their work environment are interested and focused on their work, and
they do not want to interrupt their work progress by doing simple office tasks like
Increasing or decreasing the light brightness in the office or the temperature of the
office. In addition, a more important issue is to consider cases where some of people
have major disabilities in their bodies that prevent them from doing that. In this
situation, Brain Signals for Smart Offices (BSSO) is considered to be a preferable
solution.

Smart offices are defined as an environment which is able to adapt itself to user’s
needs, releasing the users from performing routine tasks that changes the situation of
the surrounding environment to suit user’s preferences and access services available at
each moment by customized interfaces [1].

The Smart Office observes users to anticipate their intentions and augment the
environment to communicate useful information [2]. Building smart office system that
interacts with employees through reading their brain signals to control their offices such
as controlling the light brightness, off/on and temperature increase/decrease, chair
height or back angle, and curtains up/down status will save them some time and will
increase the work efficiency, and effectiveness as well as adding a strong helpful tool to
those who have struggles doing such a thing. For ordinary people, it will also add some
fun and make offices happy zones by acquiring employee’s thoughts signals and they
will have a flexible working environment.

2 Related Works

Nowadays computing technologies researches are focusing on the development of
smart environments that is used to help the people to do their tasks and work snugly by
over control their offices. Intelligent emotion recognition system using brain signals
(EEG) is one project which was published in Biomedical Engineering and Sciences
(IECBES), it was dedicated for those who had a disability in their speech and bodies,
because they face a difficulties in the way of communication, they may use eye tracking

© Springer International Publishing Switzerland 2015
N. Streitz and P. Markopoulos (Eds.): DAPI 2015, LNCS 9189, pp. 131–140, 2015.
DOI: 10.1007/978-3-319-20804-6_12



as an alternative way to communicate with the outside world. This project investigates
the possibility of how to recognize these emotions using signal processing of Elec-
troencéphalographie. The system interacts with the user using eye movement to detect
his emotion [3].

Another project which was called Emotional Stress Recognition System
Using EEG and Psychophysiological Signals, using new labelling process of EEG
signals this project suggested a new system recognition for emotional stress, using
multi-modal bio-signals. They used electroencephalogram (EEG) as the main signals,
since it used spread widely in clinical diagnosis and biomedical research. They have
been use the cognitive model of the brain under emotional stress to choose the most
appropriate EEG channels [4].

Sens-R-Us application focuses on constructing a Smart Environment for offices at
University of Stuttgart using real world data of their employees. Sens-R-Us contains
two kinds of components: the motes, and PC-based GUI. This application uses Mica2
motes sensors to its lower power consumption and their small size which allows them
to be carried around by the employees of the office. The PC-based GUI is used to query
some information like the position and status of a person, the temperature of rooms,
available rooms, and much more.

There are two types of sensor nodes in Sens-R-Us, Base stations (static), and
Personal sensors. The base stations are installed in all rooms (offices, meeting rooms,
etc.), and they send location beacons with room ID constantly. On the other hand,
Personal sensors are carried around by the employees; they receive location beacons
and then select the highest signal base stations. Personal sensors can also send signal to
other personal signals to update their information which is used in a constant detection
of meeting occurrence. Table 1 shows a comparison between Sens-R-Us and BSSO
functionalities.

WSU “Smart Home” technology is a research project that aims to help elderly
people carrying on their daily life routine at home. The “smart home in a box” is
basically a box that contains 30–40 door, motion, temperature, and power sensors that
are easy to install. Some of the system’s tasks include: monitoring and learning the
resident’s routines, taking notes when changes arise, remind resident if they forgot
something. [5].

Table 1. Comparison between Sens-R-Us and BSSO

Criteria Sens-R-Us BSSO

Goal Collecting info from employees
in an office

Changing the office state

Way of collecting data Sensors (static and portable), PC Emotive headsets
Kind of data collected Position, room temperature,

status
Brain signals

Action Update database info Change the office status
Support of people with
disabilities

Doesn’t provide extra comfort Provides extra comfort and
shortcuts
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3 Problem Definition

The technique that such systems work is by using sensors to collect data from
inhabitant’s movements/actions, the software then using the information to anticipate
the user’s needs and select the best action to perform in order to improve the current
situation of the office.

To design these sensors/actuators, middleware problems and challenges regarding
invisibility, service discovery, interoperability and heterogeneity, pro-activity, mobil-
ity, privacy, security and trust could arise. Hence, to design and develop a Smart Office,
we need a middleware that will limit the development effort of software solutions.

The smart office model needs to be proved as to consider the following cases:

1. Plan execution: If the user thinks of more than one action; the sequence of thoughts
will produce sequence of brain signals then the actuators should apply these actions
in sequence.

2. Task Cancellation: If the user thinks of some action and then changed his mind;
how the system will deal with the cancelled task in the user’s mind; time to process
and execute the brain signals

3. Comparison between the efficiency of the brain signal execution and the command
execution.

4 Proposed Solution

BSSO provides a prototype for smart offices that represent convenient, comfortable, and
intelligent environment for users by the use of their own brain signals. BSSO aims to
facilitate decision-making process and other usual tasks by incorporating user’s brain
signals as the way of making commands from users to the system. The system will work
by integrating the 3D models in the offices for the physical appliances (sensors,
microphones, and standard devices), computing entities (intelligent agents), and brain
signals. BSSO’s hardware includes software to control these physical appliances models
whereas the software infrastructure includes: brain signals analysis and recognition,
different sensors, a scheduler (for plan execution). All these components together with
the data collected from users’ brain signals are used to anticipate any user’s need.

BSSO also includes a simulator which will be designed using 3D modeling tools to
model the offices, sensors and devices to be controlled through the brain thoughts,
Emotive Headset to read brain signals, and then interfacing tools to integrate and
produce the user interface.

The work presented in this project aims to integrate physical devices, brain signals
coming from the Emotive Headset and computing entities in offices with the interfacing
tools needed to produce the user interface to build a smart offices that allowing
employees to control their offices temperature and brightness by acquiring their
thoughts’ signals. In addition, a code will be written for a program that will have the
ability to translate the brain signals into orders which will be directed to the required
devices (Fig. 1).
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The brain signals will be read, collected and processed through Emotive Headset.
Also a simulator will be built using unity 3D modeling software package to model the
offices and the workspace, sensors and devices to be controlled through the brain
thoughts, and we will need an interfacing tools to integrate and produce the user
interface.

5 Technical Description for the Smart Office BCI Control
System

A. Data Acquisition. This phase involves recording data from EEG signals captured
through the Emotiv EPOC. EEG headset from positions AF3, F3 and F7 located at
standard positions of the International 10–13 system. The data is filtered with a 5th
order sinc filter to notch 50 Hz and 60 Hz, the sampling rate is 128 Hz. The total time
of each recording is 5 s, the raw data is then written to a CSV file.

B. Preprocessing and Filtering. Since raw EEG data are noisy and contains a lot of
irrelevant information. We need to preprocess the data and extract the relevant features.
After getting the Raw data from the CSV file, the system will perform a preprocessing
stage described below:

B.1 Technical and Physiological Artifact Removal Filters
Eliminating noise and technical and/or physiological artifacts without losing relevant
information is the main goal of this stage. Hence, first stage is to determine the noise
and artifacts present in the raw signals in order to minimize their influence in the
feature extraction stage.

In the preprocessing stage, the system will deal with the commonly used noise
filters for the technical artifacts such as:

1. Noise Filters: Cut-off frequencies of high-pass and low-pass filters, characteristics of
the notch filter [11]. Physiological artifacts removal stage includes activity which
overlap with the frequencies of interest in EEG. The EEG signals will be

Fig. 1. Brain signal control for smart office light intensity
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band-pass-filtered between to only allow the frequencies of interest and a notch
filter was used to remove 50-Hz power line noise.

2. Movement artifacts filters will be using a threshold; EEG segments containing a
signal with amplitude threshold will be considered as having movement artifacts. In
[7], a wavelet filter that requires the frequency content to be limited to the 0–60 Hz
band is used, so the EEG is band-limited to the desired band by convolving with a
low-pass finite impulse response (FIR) filter.

3. Artifact cancellation is adaptive filtering, which uses a filter that self-adjusts its
transfer function according to an optimization algorithm driven by an error signal
[8]. The method has been used to remove ocular artifacts from EEG [9]. Mourad
et al. used a blocking matrix that adaptively rejects high-amplitude artifacts present
in simulated EEG data [10]. A cascade of three adaptive filters based on a least
mean squares algorithm has been proposed to remove the common noise compo-
nents present in the EEG signal [11]. The first filter in the cascade eliminates
power-line interference, the second removes the QRS complexes of the ECG signal,
and the last one cancels EOG artifacts. Each stage uses an FIR filter, which adjusts
its coefficients to produce an output similar to the artifacts present in the EEG.
Finally, the output of the cascade gives an EEG signal without artifacts [16].

C. Processing and Feature Extraction. In an automated Think duration of certain
action detection system, the distinctiveness of the EEG signals before, during, and after
a Think duration of certain action has to be determined and evaluated. This would
require a twofold technique that allows both feature extraction and processing. At this
stage it is worth mentioning that the processing technique and feature extraction are
used interchangeably for some techniques due to the close relation between the
extracted features with the corresponding technique to be used. An example is using the
wavelet transform (WT) of the signal will require wavelet referenced features extrac-
tion. However, several features have been identified to better describe the behavior of
Think duration of certain action s. These may represent the static behavior of the
signals in both time and space or the dynamic properties, such as chaoticity and
non-linearity [11].

Since the EEG signal has non-linear and non-stationary characteristics, linear
processing techniques have to be applied to a windowed version of the signal, where it
is assumed to be linear and stationary. Even though the technique to be applied is
suitable for this kind of signal, windowing is always used because the events to be
detected are transitions between non-Think duration of certain action, pre-Think
duration of certain action, and Think duration of certain action states [12]. Some studies
have analyzed single-channel EEG signals [13, 14] whereas others have used
multi-channel analysis to evaluate synchronization between EEG channels [15].

Selecting features that best describe the behavior of EEG signals is important for
Think duration of certain action detection and classifier performance. Many types of
features and processing techniques have been proposed, including those based on
time-domain [16, 18], frequency-domain [6, 11, 16, 18, 21], or time-frequency analysis
[18], energy distribution in the time-frequency plane [18], wavelet features [17, 18],
and chaotic features such us entropy [14, 18].
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C.1 Time-Domain Analysis
In this type of analysis, the EEG signals are processed in the spatial domain so esti-
mated features are called time domain analysis. Commonly used features include
amplitude, regularity, and synchronicity. Usually, time features are used in Think
duration of certain action detection algorithms. For example, relative average ampli-
tude, relative average duration, and the coefficient of variation of amplitude are
implemented in the commercial Think duration of certain action detection algorithm
Monitor [18]. Monitor is used as a gold standard even though its detection accuracy is
under 80 %.

A: Amplitude

Knowing that the amplitude refers to the signal instantaneous energy and Its square
is the signal power, which emphasizes changes more than energy but is consequently
more affected by noise.

Power ¼ Amplitude2

C.1.1 Regularity: Self Similarity Index and Mapping
Regularity is obtained using an auto-correlation function, which measures the similarity
of a signal with itself. Again it is reported in the recent research [12] that identifies how
regular a signal in terms of self similarity index and periodicity, windowing analysis are
commonly used.

C.1.2 Synchronicity
Gives an idea of how similar signals are to each other or what events occur at the same
time. Several methods, such as cross-correlation and mean phase coherence, exit for
measuring various types of synchronicity [16].

C.2 Frequency-Domain Analysis
The frequency components of the EEG signal are going to be processed during Think
duration of certain action, which would reveal the change in frequency spectrum.
Useful information will be revealed by quantifying the change in the frequency
components. Accordingly, feature extraction will be performed on the transformed data
using Fourier transform. Frequency features can be used to isolate brain activity at
different frequencies. In general, common spectral features are:

A. Power spectral density (PSD) is calculated and then relevant features are extracted
[12]. Peaks in the certain bands in the EEG spectrum can be found only during a
Think duration of certain action.

B. Average band frequency,
C. Maximum power [18],
D. Central, mean, and
E. Peak frequencies [18], and dominant frequency [6].

In general, studies combine frequency analysis with time and other features for more
accurate.
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D. Feature Extraction. The system initiate EEG feature vectors to 3, the extracted
features are standard deviations from each channel which are saved temporarily in the
runtime memory. The user repeats this procedure for four times. The data is then stored
using either local server or using a cloud storage. Hence, the following processes and
calculations take place:

a. Means of all channels are calculated and chosen as the baseline.
b. The variance is calculated for each original channel signal values.
c. The Low Pass filter was applied to reject frequency higher than 40 Hz.
d. EEG feature vectors are chosen to be 3.
e. The extracted features are Standard deviations (SD) from each channel. The training

pattern was five from each subject and the SD average was calculated and saved as
stored features.

E. Classification and Decision Making

i: Classifier

The classification was performed using three classifiers: Cosine Similarity,

similarity = cos(hÞ¼ A � B
jjAjj jjBjj ¼

Pn

i¼1
Ai � Bi

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

i¼1
ðAiÞ2

s

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Pn

i¼1
ðBiÞ2

s

The second classifier is Euclidean Similarity

dðp; qÞ ¼ dðq; pÞ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

ðq1 � p1Þ2 þ ðq2 � p2Þ2 þ � � � þ ðqn � pnÞ2
q

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Xn

i¼1

ðqi � piÞ2
s

:

The classifier computed the threshold for each subject using the training pattern
features and the stored features, the average threshold were then computed from the
five training pattern and saved as stored threshold. Authentication is done using five
patterns from the subject and the new resulted threshold is averaged from the five
patterns. Then the new average threshold is subtracted from the stored threshold.

ii: Matching: The match is considered:

a. Accept if the classifiers average thresholds from two classifiers are less than 0.100.
b. Reject the subject if the classifiers average thresholds from two classifiers is less

than 0.100.
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6 Usage Scenario

The flow of the system is divided into two phases; Registration phase and usage phase.

• Registration phase:

This phase happens once only for each user. The user will enter his information and
proceed then to record the brain signal and hence to the matching unit for the captured
the signals that appears for 10 s.

The system then will perform the following for each signal: Signal preprocessing,
Signal filtering, and Feature Extraction and Storing. Regarding the signal preprocessing
phase; the EEG signal contain a lot of irrelevant information and noisy data, therefore,
a preprocessing stage for the captured signals would keep only the important/relevant
information, then the system will calculate the mean for each channel and subtract each
mean from its original value. Next stage is to perform the signal filtering: The system
will filter the noise data based on Band Pass filter. Finally, the Feature Extraction and
Storing that takes place after these two steps, the system will repeat them multiple times
for extracting the features. The extracted features are arranged into a vector and stored
into the cloud.

• Usage Phase:

This phase will happen a lot, every time the user wants to access the office control
system, after the successful login the user will repeat the same steps above and the
system will classify each signal using classification methods: Cosine Similarity,
Euclidean Similarity and Correlation and compute their average as new average, Then
it will use the data in the database to classify it as well, and then the system will
compare them and compute their average. The system will check the new average if it
is accepted based in the decision acceptance.

7 Experimentation Results

The experiments is designed such that, a total of 30 subjects will participate in our
study. The testing is done on a period of 3 days (1 session per day).

The subjects will be wearing an Emotive EPOC EEG headset, and will be provided
with instructions for completing the session. We will instruct the subjects to do a
mental task that is: to focus on the particular task (increasing the temperature) for 6 s,
during which the signals will be captured, the subject will be asked to avoid blinking or
moving the body during the recording. They will sit in a normal chair, relaxed arms
resting on their legs and in noise controlled room. As the subjects complete the task, we
will be mentoring and recording their brainwave signals.

The EEG data was recorded, filtered and processed the same as described in the
previous section. The false matching rate (FMR) is defined as the percentage of the
matching false subject thought to the correct action, whilst the true matching rate
(TMR) is defined as the percentage of correct match between the subject thought and
the correct action for the correct device.
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Based on the results being collected, it is found that 26 % as a false match rate
(FMR) and True match rate (TMR) for the brain commands was obtained is 100 %.
Both rates are considered excellent but, due to the high number of pattern needed from
the subject (five patterns) each time he/she use the system, (See Table 2).

8 Conclusion

Through this project we have researched and investigated two main terms first, brain
signal and what is the perfect way to read the signal and translate it into real action,
second, smart offices and its use in real time.

The project consisted of two aspects, research aspect and software development
aspect. The research aspect focuses primarily on read the user thought from his/her
brain signal secondly, on translate the thought into action in the office. Includes a many
sensor in the work environment to receives the translated action and apply it. As for the
software development aspect, it is concerned with implementing the results of the
research done in a web application.

We have used some findings from previous researches on the area of brain signals
for smart offices to aid us in our research. The future improvements suggested are:
make the system capable of reading the brain signals from more than one user, increase
number of the sensors in the offices, and redesign the system for a better commercial
use.

In conclusion, we hope that this project could be the mile stone for newer inven-
tions and research’s and a helpful contribution in the great field of brain signal and
smart offices.
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