
Improving BCI Usability as HCI in Ambient
Assisted Living System Control

Niccolò Mora(&), Ilaria De Munari, and Paolo Ciampolini

Information Engineering Department, University of Parma,
Parco Area delle Scienze 181/A, 43124 Parma, Italy

{niccolo.mora,ilaria.demunari,

paolo.ciampolini}@unipr.it

Abstract. Brain Computer Interface (BCI) technology is an alternative/
augmentative communication channel, based on the interpretation of the
user’s brain activity, who can then interact with the environment without relying
on neuromuscular pathways. Such technologies can act as alternative HCI
devices towards AAL (Ambient Assisted Living) systems, thus opening their
services to people for whom interacting with conventional interfaces could be
troublesome, or even not viable. We present here a complete solution for
BCI-enabled home automation. The implemented solution is, nonetheless,
more general in the approach, since both the realized hardware module and the
software infrastructure can handle general bio-potentials. We demonstrate the
effectiveness of the solution by restricting the focus to a SSVEP-based,
self-paced BCI, featuring calibration-less operation and a subject-independent,
“plug&play” approach. The hardware module will be validated and compared
against a commercial EEG device; at the same time, the signal processing chain
will be presented, introducing a novel method for improving accuracy and
immunity to false positives. The results achieved, especially in terms of false
positive rate containment (0.26 min−1) significantly improve over the literature.

Keywords: Brain computer interface (BCI) � Steady state visual evoked
potential (SSVEP) � Self-paced BCI � Subject-independent BCI

1 Introduction

A Brain Computer Interface (BCI) is an alternative, augmentative communication
channel [1] which aims at providing the user with an interaction path based on the sole
interpretation of her/his brain activity. It is thus natural considering such technology in
the realm of HCI devices; as a consequence, comparison with “conventional” user
interfaces suggests several desirable features for BCI interaction. For the ease of dis-
cussion, but without loss of generality, let us focus on a possible use of BCI as a HCI,
namely in Ambient Assisted Living (AAL) system control [2].

In such a scenario, user interactions are quite limited and sparse in time, so the need
for user-friendly approaches becomes capital: in order to foster BCI acceptance and
effectiveness, the user needs to perceive BCI-enabled control as easy and natural as
possible.
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Within such perspective, the user should be allowed to interact with the system
without needing neither complex, time-consuming, “ad personam” calibration proce-
dures, nor demanding training sessions. This means that a “plug & play” approach is
highly desirable, and such behavior should be uniform across different users; i.e. they
should be able to consistently use the device with the same settings (realizing a
so-called subject-independent BCI), and limiting fine performance tuning to just a few
high-level parameters. This implies a shift of paradigm in BCI design: instead of
looking for the optimal set of user-specific features, compatibility across users needs to
be sought for.

Moreover, other relevant features for a practical BCI include the ability to operate
in real-time, in a so-called self-paced (asynchronous) way [3], i.e., having the ability to
run continuously and recognize actual “commands” without having any information
whether the user is actively trying to control the device or not. This calls for a reliable
method for discerning between intentional control and no-control periods, having false
positive minimization as primary concern.

Finally, another major aspect worth considering in promoting accessibility to this
kind of technology is its cost. Lowering costs does not merely means saving money,
but rather broadening the spectrum of users and uses for BCI-enabled devices, gen-
erating new concepts and ideas, just as in the commercial electronic realm happens.
Closely related to this aspect is the adoption of scalable, compact technological solu-
tions; future BCI-embedded implementations could potentially allow to discover new
methods and applications, just as wearable devices are re-inventing the way we intend
sensors. In [4, 5], a cost-effective EEG hardware solution was presented; in this paper
we present an upgraded version, which will significantly improve performance and
flexibility.

These considerations led us to develop, from scratch, a solution which will be
presented, in this context, tailored to a practical BCI-enabled AAL system control. In
this sense, the application layer of our solution is highly focused; nonetheless, the
underlying hardware and infrastructure layers are designed to be as general purpose as
possible, thus allowing further experiments to be designed.

2 BCI as HCI in Ambient Assisted Living: Practical Context

CARDEA [6] is the AAL-system which will be used to control the home environment.
It is a versatile, highly-scalable system which can deal with multiple input devices,
including switches, touch-panels and web-based interfaces. Our goal is to devise a
complete BCI solution which could act, with respect to the automation system, just as a
conventional input device.

Using a BCI as an input channel to an automation system implies, as previously
stated, a (usually) limited amount of user interactions, and such events are, moreover,
sparse with respect to time. This led us to consider adopting calibration-less approa-
ches, since long training phases could be perceived as an excessive burden by the user.
Moreover, we also stressed the importance of adopting methods which are maximally
re-usable across different users, without having to re-train the whole system.
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All these considerations led us to choose SSVEP (Steady State Visual Evoked
Potentials) as our operating protocol. A SSVEP is a periodic brain response elicited by
a visual stimulus, flickering at a constant frequency: a peak in the brain power spec-
trum, synchronous with such frequency, can be produced just by looking at the visual
stimulus. SSVEP are regarded as robust features for BCI [7], given their inherently
higher SNR (Signal to Noise Ratio) with respect to other paradigms (e.g., motor
imagery [8]). Moreover, since it exploits an involuntary response, SSVEP do not
require, in principle, any specific user skill and thus involve no user training. SSVEP is,
hence, a suitable paradigm for implementing BCI aimed at control applications or,
more generally speaking, at building interface systems involving choices among a
discrete and finite set of values.

The user interaction will then be as follows: he/she will be presented with 4
simultaneously flickering LED (Light Emitting Diodes), placed, for example, at the
vertices of an LCD screen about 1 m from the user. The choice of LED is necessary for
achieving arbitrary flickering frequencies, allowing to flash in a medium-high fre-
quency band (e.g. 15–25 Hz), for improved user comfort. By selectively focusing on
one visual stimulus, the user is able to provide a command which, for example, will
allow him to navigate through a menu. In the simple, demonstrative setup shown in
Sect. 4.2, the users are presented with 4 simultaneous flickering visual stimuli, arranged
in a rectangular pattern over a box; each LED is associated with a specific action (light
on/off, shutter open/close), and the user must focus on one of them (at his own pace) to
perform the desired action. Although demonstrative, this approach is general, and more
sophisticated UI can be designed. Once a SSVEP response is detected and classified,
the BCI issues commands to the home automation system, which takes care of
executing the decoded action.

3 EEG Hardware Realization

A dedicated hardware module was designed and realized for acquiring bio-potentials.
The module features 16 input channels in a small, 100 × 130 mm form factor;
moreover, the module is battery operated (4xAA alkaline batteries), given its power
consumption (as low as 160 mW, which represents a 45 % improvement, in power per
channel, over the previous release [2]). Production costs are also contained, with
respect to current, commercial EEG devices: in medium scale, device manufacturing
amounts to, approximately, 300 €. The module connects to a computer via a full-speed
USB 2.0 link (12 Mbps), and its main parameters (such as data rate and gain) can be
adjusted on-the-go directly via software.

At the core of the module are two high-resolution (24-bit) δ-Σ Analog to Digital
Converters (ADCs), featuring DC-handling capability. Data rate can be adjusted in the
range of 250-16 kSPS (Samples Per Second), although, for EEG acquisition, we
usually set 250 SPS (for better noise performance), with an input applied gain of 24
(input dynamic range is, thus, ± 188 mV).

Experimental Validation and Results. In order to validate and compare our device
against a commercial one, several tests were performed. At first, the Referred To Input
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(RTI) noise was measured, acquiring a total of 150 s waveforms, with shorted input
terminals (at the connector level, to account for the noise coupled across the whole
board). Our device, from here on referred to as DUT, was set for 250 SPS, whereas the
REF device, a g.tec USBamp, was set for 512 SPS instead. Table 1 summarizes the
results, which are also referred to a common [0–40] Hz band, in order to perform a
homogeneous comparison. These results highlight the good performance of the pro-
posed solution.

Another test was performed with real EEG data, to assess the performance of the
device in dynamic conditions. In order to do so, a p300 experiment was set up; two
subjects participated to this test, totaling 12 runs, during which 10 series of 23 flashes
were presented. The probability of a target stimuli (green square, vs. distracters, i.e. red
squares) appearing is set to, approximately, 0.13. The EEG was acquired, holding the
cap and electrode set fixed, and simply switching the input connectors for recording
waveforms in an interleaved scheme (i.e. run1 REF, run2 DUT, run3 REF etc.). The
collected waveforms were compared, assessing the differences between target vs.
non-target epochs, at each time instant: REF and DUT show consistent behavior, as
exemplified in Fig. 1, where waveforms from the POz electrode are displayed, along
with the significance test. Also, standard tests with ocular artifacts, EMG artifacts and
alpha burst were performed, proving good detectability.

Table 1. Noise performance comparison between the proposed device (DUT) and a reference
one (REF, g.tec USBamp).
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Fig. 1. Example of P300 waveform comparison between two runs (left: REF, right: DUT). The
top figures report the temporal domain waveforms acquired from POz electrode (mean and std.
dev., targets in red, non-targets in blue). The bottom ones are the related p-value plots (Colour
figure online).
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All these hints allow us to conclude that the realized module does not introduce
significant noise or bias, when compared with a high-end, reference device, and can,
therefore, be equivalently used in BCI experiments.

4 SSVEP and Related Signal Processing

Many algorithms exist in literature for SSVEP classification; among the most popular
ones are: MEC [9] (Minimum Energy Combination), AMCC [10] (Average Maximum
Contrast Combination) and CCA [11] (Canonical Correlation Analysis). Also, in [12],
a SSVEP classification algorithm is introduced, particularly optimized for low com-
putational demand. Mentioned algorithms are considered state of the art and allow, in
general, to achieve better performance with respect to methods based on pure PSDA
(Power Spectrum Density Analysis) methods. A review of such methods goes beyond
the scope of this article; the interested reader could refer, for example, to [12, 13]. In
the following, we refer to CCA algorithm, and build up on top of it in order to achieve
optimal performance in terms of accuracy and immunity to false positives.

CCA is a statistical method, generally used for finding the correlations between two
sets of multi-dimensional variables. It seeks a pair of linear combinations (canonical
variables, characterized by weight vectors wx, wy) for the two sets, such that the
correlation between the two linear combinations xL = wx

TX and yL = wy
TY is

maximized:

max
wx;wy

q ¼ E xLyTL
� �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
E xLxTL½ �E yLyTL½ �

p ¼ wT
x XY

Twyffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
wT
x XX

TwxwT
y YY

Twy

q : ð1Þ

Here X, Y are the input and the SSVEP reference matrix, respectively. Y is com-
posed by Nh (sin, cos) couples representing a steady state sinusoidal response, with Nh

representing the number of considered harmonics:

X ¼
sin 2pft1ð Þ cos 21ð Þ � � � sin 2pNhft1ð Þ cos 2pNhft1ð Þ

..

. ..
. � � � ..

. ..
.

sin 2pftNtð Þ cos 2Ntð Þ � � � sin 2pNhftNtð Þ cos 2pNhftNtð Þ

2

64

3

75: ð2Þ

CCA is performed for every target stimulus frequency, and a classifier picks the
largest correlation coefficient in this set.

4.1 Offline Performance

With reference to the 4-class SSVEP dataset introduced in [12], the performance of this
signal processing method can be assessed; Table 1 reports the average accuracy (and
standard deviation) as a function of the observed EEG window length. It is worth
remarking that, consistently with the “plug & play” goal, no user-specific calibration
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procedure is required and that all of the EEG waveforms coming from different users
were considered as a whole, seeking for a method suitable for general use (Table 2).

A Strategy for Enhancing Accuracy. Accuracy is the main performance indicators
for the aimed control application. Thus, we developed a methodology for optimizing it,
introducing an estimate of the confidence level in the classification [14]. Should such
indicator result in a low confidence, classification is not validated: we call this new
“no-reliable-decision” state a neutral state. The neutralization mechanism can posi-
tively impact on the overall prediction accuracy, at the expense of discarding infor-
mation embedded anyhow in the ruled out epochs.

Of course, the choice of such a confidence indicator depends on the actual algo-
rithm: with reference to the CCA method, we assume the absolute difference between
the largest correlation coefficient and the second largest one as such indicator, from
here on referred to as parameter d.

In Fig. 2, distribution of correctly and wrongly classified epochs with respect to
d parameter is shown by a histogram approximation (each epoch contains a SSVEP, as
per dataset in [12]). Ideal behavior should associate all errors (red bars) to low values of
d, with correct classification (blue bars) associated to largest values instead. Then, one
could choose a suitable threshold value d* to separate the two cases: whenever d ≤ d*
we rule the epoch as neutral, otherwise a decision is made. However, since actual data
show overlaps between the correct and wrong classification distributions, a tradeoff
between prediction accuracy and data yield (i.e. the fraction of non-neutral epochs) is
needed. In order to address such tradeoff, the following procedure was adopted: for a
given value of d*, a subset of epochs is selected, fulfilling the condition d ≥ d*; then,
wrong and correct classification are counted within the subset, keeping track of the
fraction of rejected epochs, and errors and accuracies computed accordingly. Such
procedure is repeated, sweeping the parameter d*, in order to assess its effect on error
count (or accuracy) and neutralization rate. We characterized the method on the whole
population of the test, instead of relying on a per-user basis analysis: this is in line with
our view of subject-independent approach.

Figures 3 and 4 graphically report such results for errors and accuracy, respectively.
In order to appreciate the improvement carried by neutralization strategy, the perfor-
mance achieved with no neutralization is also reported (red dashed line). Consistent
improvement in both the accuracy and the error count are attained over the reference
case, even at lower neutralization rates, i.e., without implying too relevant data loss.

The quality metric introduced above can also be exploited to introduce some
adaptive features in the SSVEP classification stage. In particular, we can check the
quality of the current prediction at runtime by looking at the indicator d: we may start
with a short time window length, to be increased whenever d does not exceed a given

Table 2. Mean accuracy (std. dev.) vs. EEG window length (without neutralization)

twindow = 1.5 s twindow = 2 s twindow = 3 s twindow = 4 s

88.71 % 90.30 % 90.69 % 90.20 %
(2.56 %) (1.86 %) (1.49 %) (2.11 %)
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threshold. This could potentially improve the user’s experience and comfort: each time,
the required SSVEP persistence time for classification is dynamically chosen, so as to
be as short as possible (i.e. the user needs to focus for less time on the stimulus,
provided sufficient quality of the SSVEP response is reflected in the d value); at the
same time, avoiding to choose a fixed, short window, may help in improving immunity
to false positives.

A simple proof-of-concept test has been carried out: just a couple of window
lengths were exploited here, switching from 2 s to 3 s whenever the d threshold test
fails. Statistical analysis performed shows that the method does not degrade accuracy,
with respect to fixed window implementation; on the other hand it is effective in
reducing the fraction of rejected epochs (p ≈ 0.05 for the 2 s window, p ≈ 0.02 for the
3 s one, with mean neutralization rates of 18 %, 21 %, 13 % for the 2 s, 3 s and adaptive
windows, respectively), this meaning that information in the epoch is maximally
exploited, thus achieving, potentially, a more responsive system.

4.2 Online, Self-Paced Operation

Based on the algorithms described so far, a self-paced, online BCI, exploiting a 4-class
SSVEP paradigm was implemented and tested.

Experimental setup is very close to that in [12]: 4 visual stimuli (LED, organized in
a rectangular pattern over a box) are shown simultaneously, with blinking frequencies

Fig. 2. Distribution of wrong (red) and correct (blue) epochs classification (normalized to the
sample size) as a function of the parameter d. The distributions are also plotted for different EEG
window lengths (Colour figure online).
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Fig. 3. Classification errors as a function of neutralization rate, at different values of threshold
d*. The red dashed line represents the reference error count, i.e. without neutralization (i.e.
d* = 0). The graphs are also plotted for different EEG window lengths (Colour figure online).
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Fig. 4. Accuracy as a function of neutralization rate, at different values of threshold d*. The red
dashed line represents the reference accuracy level, without i.e. neutralization (i.e. d* = 0). The
graphs are also plotted for different EEG window lengths (Colour figure online).
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equal to {16, 18, 20, 22} Hz. Each LED is associated with a particular home auto-
mation task (namely on/off switching of a light and opening of a motorized shutter),
and the user is asked to perform control action, at his own pace and will. Only 6 passive
Ag/AgCl electrodes are used to acquire signals form scalp locations Pz, P3, P4, POz,
O1, O2.

With respect to [12], the main difference in the protocol is that the subject here is
not given any cue on when to start looking at an LED; instead, he is free to decide
when to focus on the visual stimulus and when to rest. Also, in order to assess the
immunity to false positive events, long idle periods are introduced on purpose, during
which the subject does not make any intentional choice and is allowed to talk and,
partially, move. A total of 6 healthy volunteers (age 24-61, 2 females) participated in
this study, none of them with any prior BCI-control experience.

As far as the online signal processing is concerned, a classification is attempted
every 200 ms, using the neutralization technique we introduced before, to ensure
classification reliability. The adaptive window-length choice mechanism is also used: at
first, classification is attempted using the shortest available window (2 s). In case no
prediction can be made reliably (at least according to the confidence indicator d), the
window is allowed to grow in pre-determined steps, attempting classification at each
time step until either a reliable choice is obtained or an upper time limit is reached (4 s).

In addition, in order to further improve immunity to false positives, a post-smoother
is optionally added, which averages the last 5 classification outputs for each class (the 4
targets plus the neutral state): if the average for a class exceeds a given threshold, the
choice is validated, otherwise a null output is assumed

4.3 Results of the Online, Self-Paced Operation

As previously stated, in order to provide smoother operation in BCI-enabled control
applications, we are primarily concerned with maximizing the accuracy (i.e. correctly
classifying the command when the user is trying to issue one) and, at the same time,
minimizing the false positives. That also requires being able to discern when the user is
actively controlling the device, or is just resting or performing other tasks.

Table 3 reports the online experiment results (mean and standard deviation), in
terms of true positive, false negative and false positive rates.

A very good performance is achieved, both in terms of true positive and false
positive rates. In Table 3, influence of the optional post-smoothing step is also
accounted for: when no smoothing is applied, the “raw” performance of the neutral-
ization mechanism can be assessed. In this case, false positives are kept to a very small

Table 3. Online performance on the self-paced, 4-class experiment: mean (std. dev.)
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amount (0.74 min−1 on average), improving over literature data [15, 16]. Such per-
formance is further boosted by switching on the smoother stage: a 0.26 min−1 false
positive frequency is attained, at the expense of an increase in latency time (due to the
summing stages of the smoother, which introduce an additional 1 s delay, in our
implementation) and of an almost negligible decrease in the true positive rate (–
1.82 %), which nevertheless does not jeopardize the user ability to effectively control
the BCI.

In evaluating such results, it is worth remarking that the parameters for the neu-
tralization mechanism and the post-smoother are kept constant across all users and that
no user-specific setup adjustment was made. Results therefore show that the signal
processing chain is quite stable with respect to user variations, supporting the aimed
“plug & play” vision.

Finally, the entire setup was put to test in a relatively harsher environment, in the
context of the Handimatica 2014 exhibition. Here, high background luminosity, noise,
electromagnetic interference, are not controlled as lab environments, and may poten-
tially hinder the effectiveness of the solution. Furthermore, the subject was relatively
free to move and speech, in order to interact with people. Overall, 6 live demos were
performed, for the approximate duration of 30 min each. Although non-conclusive
from a statistical point of view, promising results were achieved: the subject was able to
successfully operate the BCI (controlling the on/off switching of a light and the opening
of a mechanical shutter thanks to the CARDEA system, as mentioned in Sect. 2), and
the false positive rate was as low as 0.14 min−1. This encourages the transition of such
technology also outside of lab environments.

5 Conclusions

In this paper, we discussed a complete implementation of a SSVEP-based BCI and
demonstrated its effectiveness in a concrete BCI-enabled AAL system control.

A dedicated EEG hardware module was realized and its performance assessed and
compared against a reference, commercial device, highlighting good performance.

The whole signal processing chain for a self-paced, SSVEP-based BCI was pre-
sented. Given the application scope of home automation control, in which user inter-
actions are quite rare and sparse in time, the accuracy and robustness constraints prevail
over high data throughput requirements. From this perspective, undergoing long or
periodical system calibration phases could be perceived as an excessive burden by the
user (this spoiling acceptance and usability chances), so that a calibration and
training-free approach was pursued. Subject-independent operation was demonstrated,
at the same time achieving remarkably good performance.

To this purpose, a CCA-based algorithm was exploited: after assessing its reference
performance, improvement in accuracy and robustness were obtained by accounting for
neutralization of unreliable choices, based on the estimation of a classification confi-
dence index. Such an index was also exploited to implement adaptive, dynamic
selection of optimal duration of EEG epoch, thus increasing efficiency of the classi-
fication process and consequently allowing to improve the BCI responsiveness towards
the user.
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Finally, devised methods were implemented and tested in an online, self-paced BCI
experiment. Obtained results are very promising: high true positive rates (> 94 %) and
low false positive rates (0.26 min−1) were achieved, outperforming literature data.

Moreover, the entire setup was also replicated outside lab-controlled conditions, in
the scope of the Handimatica 2014 exhibition, with very promising results. This may
encourage the adoption of such technology in more realistic contexts.

As a future development, the adoption of hybrid BCI technology [17], exploiting
EMG (ElectroMyoGraphy) as informative channel, will allow to improve and enhance
user experience, for example by providing a viable on/off switch for the visual stimuli
(thereby improving immunity to false positives), or by constituting a parallel/alternative
input channel.
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