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Abstract: Multibiometrics and the development of pervasive systems for performing continuous identity
recognition have become a major issue due to the ubiquity of sensors. In this work, a biometric system
integrated on a computer interaction setup was developed based on two physiological signals, electrocar-
diogram (ECG) and blood volume pulse (BVP). Amplitude waveform values were extracted as features and
k-Nearest Neighbors (kNN) and Naive-Bayes decision level fusion classifiers were used to perform identi-
fication and authentication tests. The results show that the BVP signal degrades the performance of the
multimodal approach, but the combined use of windows of different lengths for the ECG modality can yield
an increase in the performance. Error of Identification (EID) of approximately 2% and 8% were achieved
for the ECG in within and across-session tests, respectively. As for the Equal Error Rate (EER), the values
were approximately 4% and 13%.
Keywords: Biometrics, ECG, BVP, Pervasiveness, Continuous authentication, Off-the-person

1 INTRODUCTION

The ubiquity of sensors raises concerns regarding
privacy and security of sensitive data and so the de-
velopment of secure systems is crucial. In this con-
text, biometrics becomes more relevant when com-
pared to the use of passwords and tokens that can
be lost, shared, and stolen. Research in this field has
been focused on exploring new modalities, but also
on developing more pervasive processes that do not
require active collaboration and do not interfere with
the user experience. This is essential when consid-
ering the development of techniques for continuous
identity recognition and of systems less susceptible
to attacks. Many challenges need to be addressed
such as the quality and variability of the biometric
traits. The development of biometric systems based
on physiological signals such as the electrocardio-

gram (ECG) and blood volume pulse (BVP), whose
waveforms are shown in Figure 1, is an active area of
research. In this work, a methodology is proposed for
the use of ECG and BVP signals to perform continu-
ous identity recognition in the context of a biometric
system integrated on a computer interaction setup
with a semi off-the-person approach. The several
steps taken from the signal acquisition to the iden-
tity recognition are addressed. The remaining of this
paper is organized as follows: Section 2 describes
the proposed methodology. In Section 3 the results
obtained are presented and discussed. Finally, Sec-
tion 4 presents the conclusions and future work.

2 METHODOLOGY

The methodology proposed in this work is illustrated
in Figure 2, covering the following steps: acquisi-
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(a)

(b)

Figure 1: (a) ECG [6] and (b) BVP waveforms [5].

tion system development, signal processing (Figure
4) and feature extraction, and identification and au-
thentication techniques.

2.1 Acquisition System

The acquisition system consists of two main sensor
modules, MOD ARM and MOD WRIST, that com-
municate with a computer application. The primary
function of these modules is to collect single-lead
ECG on the forearms, using two pieces of a conduc-
tive fabric [11] as electrodes, and BVP on the index
finger. An additional module, MOD CHEST, is used
to collect the ECG on the chest (Figure 3), which is
used as reference modality. Each module is com-
posed of a set of sensors connected to a BITalino de-
vice [1] through a 10-bit analog port. The datasheets
of the ECG and BVP sensors can be found in [9] and
[4], respectively.

2.2 Signal Processing

2.2.1 Denoising

The filtering strategy described in [2] was applied to
the ECG recordings acquired on the chest and fore-

arms. The method consists in removing the base-
line wandering by subtracting from the raw signal the
one obtained by applying a cascade of two median
filters of 200 ms and 600 ms windows, respectively,
followed by a low-pass finite impulse response (FIR)
filter of order 300 with a flat-top window for remov-
ing power line interference noise and high frequency
components of EMG noise. Cutoff frequencies of 20
and 40 Hz were tested. Contact noise, motion arti-
facts and some EMG components were not removed.
The BVP signal was filtered using a band-pass But-
terworth filter of order 4 with cutoff frequencies of 1
and 8 Hz. The method was successful in removing
baseline wandering. Motion artifacts generated by
the movement of the finger were not removed.

2.2.2 Segmentation

The segmentation of the ECG and BVP was per-
formed at the individual wave cycle using as fiducial
points the R-peak and systolic peak, respectively.
In the case of the ECG, a modified version of the
Engelse-Zeelenberg algorithm [8] was used to ex-
tract the R-peaks from the filtered ECG signal. As for
the BVP, the onsets of the BVP pulses were detected
using the algorithm proposed in [12]. An additional
search using a window of 300 ms around the de-
tected point was performed to find the systolic peak,
which was used as fiducial point. Two methods were
used to align the waves as described below.

Fixed Time Window: a fixed window was defined
using the fiducial points. For the ECG, a window of
600 ms, [-200, 400] ms, was defined relative to the R-
peak. As for the BVP, the window presented a length
of 500 ms, [-100, 400] ms, and was defined relative
to the systolic peak;

Heart Rate based Resampling: the segment de-
fined between two consecutive fiducial points was re-
sampled to a fixed number of points. Uniform and
nonuniform resampling were applied to the ECG sig-
nals, with the latter using a fixed time window [-50,
50] ms and uniform resampling for the rest of the
wave. For the BVP signal, only uniform resampling
was applied. The method resampled the waves to
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Figure 2: Overview of the proposed methodology.

(a) (b)

(c)

Figure 3: Sensor modules (a) MOD ARM, (b)
MOD WRIST and (c) MOD CHEST.

600 points.

2.2.3 Outlier Removal

To remove waves severely contaminated by mo-
tion artifacts and contact noise, an outlier removal
method is proposed. The method consists of two
modules: one is applied to the enrollment data, and
the other is applied to the test recordings. The out-
lier removal pipeline is shown in Figure 5. Below, the
algorithms implemented are described. The DMEAN
algorithm [7] was also applied, using as dissimilar-
ity measure the cosine distance and as parameters
α = 0.5 and β = 1.5.

Physiology based Exclusion Algorithm: a phys-
iological heart rate range was used to consider as
outliers those waves whose instantaneous heart rate
did not belong to the interval [30, 200] bpm. In
terms of amplitude, a range was defined using the
histograms of the maximum and minimum amplitude
values of the waves obtained from the enrollment
recordings for all subjects and for the three signals.

The DMEAN algorithm was applied to remove mo-
tion artifacts present in the enrollment data before
computing the histograms. These were used to de-
fine acceptable amplitude ranges for the forearm and
chest ECG and BVP signals. Waves whose am-
plitudes do not belong to these amplitude ranges
are considered outliers, and so, waves contaminated
with contact noise that causes the saturation of the
signal are removed.

Flat Beat Removal Algorithm: in the case of the
forearm ECG, “flat” beats can occur when there is a
loss of contact during a short time interval between
the electrodes and the forearms of the user. These
beats are characterized by constant value segments
to the left and/or right of the QRS complex. To re-
move these waves, the waves are first normalized
following Equation 1, where x is the wave, xzm is
the wave where the mean value, µx, was removed,
and xnorm is the normalized wave. A sliding win-
dow of 100 ms is applied to the heartbeat and if at
least one segment presents an amplitude difference
between the maximum and minimum values smaller
than 0.02, the beat is considered a “flat” beat and
is removed. The threshold was defined empirically
by extracting examples of “flat” beats from different
subjects and studying their properties.

xzm = x− µx

xnorm =
xzm

max(|xzm|)
(1)

Template Distance based Exclusion Algorithm:
templates are created as the mean waves of the sub-
jects’ enrollment data. The cosine distance between
every wave in the enrollment data and every subject
template is computed and the threshold is defined as
the average distance. In the recognition phase, the
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Figure 4: Signal processing pipeline.

distance between each test wave and every template
is computed. For each test wave, if the distance to
the closest template is larger than the threshold, the
wave is considered an outlier. The reasoning is that
the subjects’ mean waves obtained from the enroll-
ment data are high quality waves with different mor-
phologies that are representative prototypes of high
quality waves.

2.2.4 Amplitude Normalization

In order to decrease intrasubject variability, z-score
normalization was applied when using the Euclidean
distance as metric. The normalization is shown in
Equation 2, where x is the non-normalized wave and
µx and σx are the mean and standard deviation of
the wave amplitude.

xzscore =
x− µx

σx
(2)

2.2.5 Feature Extraction

The amplitude values of the wave were used as the
feature set. In the case of the fixed time window seg-
mentation, as the signals were sampled at 1 kHz, the
feature sets for the BVP and ECG contained 500 and
600 points, respectively. For the heart rate based re-
sampling method, the waves were mapped from the
time domain to a domain where every wave has 600
sample points using a resampling function that sam-
ples the original segment in a uniform or nonuniform
way, as detailed in 2.2.2.

2.3 Identification and Authentication
Techniques

2.3.1 Single Modality Biometrics

The kNN algorithm was used to perform single
modality biometrics. This classifier is an instance-

based learning algorithm where a test sample is clas-
sified by finding the K training templates that are
closest to it given some metric or similarity measure.
The class output is decided through majority voting
and the neighbors can be weighted by their distance
to the test input (distance weighted kNN). A more
detailed explanation of this classifier can be found in
[3]. Each individual wave or mean wave of m con-
secutive waves was considered a sample. In the
case of identification, the Error of Identification (EID)
was computed for the test set to evaluate the perfor-
mance. In terms of authentication, for each subset
of training samples pertaining to a given subject, the
closest K neighbors to each test sample were com-
puted. A test sample is accepted as belonging to
the claimed identity if the distance (similarity) to the
K neighbors is smaller (larger) than a given thresh-
old. This test was conducted for a defined range of
threshold values and False Accept Rate (FAR) and
False Reject Rate (FRR) curves were computed for
each subject. The intersection of these two curves
gives the Equal Error Rate (EER) for each subject.
In order to compute a global EER as performance
metric for the authentication tests, these curves were
averaged across all subjects.

2.3.2 Multimodal Biometrics

A Bayesian decision fusion scheme is used to map
the decision labels output by the single modality clas-
sifiers into probability values. A confusion matrix
is computed for each single modality classifier us-
ing training data. Based on these confusion matri-
ces, estimates of the prior probabilities of each class
and the conditional class probabilities of the true la-
bel and the set of target labels output by the single
modality classifiers are computed. Using the Bayes
rule and the Naive-Bayes assumption of conditional
independence between the single modality classi-
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Figure 5: Outlier removal pipeline.

fiers, the posterior probability of each class are com-
puted, and the decision follows a MAP approach. A
more detailed explanation of this classifier can be
found in [10]. The fusion algorithm can be adapted to
perform authentication by setting a threshold on the
value of the probability estimate for each class. The
claimed identity is accepted if the estimate is greater
than the defined threshold. A range of threshold val-
ues is tested to create the FAR and FRR curves.

3 RESULTS AND DISCUSSION

3.1 Experimental Setup

All acquisitions were made using a sampling rate
of 1 kHz. Figure 6 illustrates the placement
of the electrodes and modules MOD WRIST and
MOD CHEST. The ECG was collected on the fore-
arms by placing the left and right forearms over
the two pieces of conductive fabric that cover the
top of the armrest of module MOD ARM. Module
MOD WRIST was placed on the wrist of the non-
dominant hand with the BVP sensor placed on the
anterior face of the base of the index finger. As for
the module MOD CHEST, using the ECG sensor in-
tegrated in the band, the ECG was acquired in a non-
standard bipolar lead, with the electrodes placed on
each side of the sternum at the 5th intercostal space.

Figure 6: Placement of the sensors and electrodes of
modules MOD WRIST and MOD CHEST on a sub-
ject model.

The positive electrode was placed to the left of the
sternum and the negative to the right.

A set of tasks was developed to simulate the in-
teraction with a computer setup (Figure 7). The sub-
jects were asked to perform two acquisition sessions
that were set, on average, eight weeks apart. In each
session, the subjects performed four different tasks,
namely:

• Idle: the subject places the anterior face of his or
her forearms over the armrest without perform-
ing any movement and with the hands placed
over the keyboard in a relaxed position for 2 min-
utes;

• Typing 1: the subject types a predefined text
shown on a second screen above the computer;

5



Figure 7: Example of the setup used in the experi-
ment.

• Touch pad: the subject performs a set of prede-
termined actions using the touch pad. The sub-
ject is asked to open a web browser and click
on the web page of Instituto Superior Técnico.
The user clicks on a news post, reads the post
for about 1 minute, scrolling down and up. The
subject then copies a paragraph to an open text
editor;

• Typing 2: the subject writes a small and coher-
ent improvised text for 3 minutes.

The population was composed of 53 subjects from
whom 24 were male (45%), and their mean age was
22.9 with a standard deviation of 3.1. In the begin-
ning of each acquisition session, the experimental
protocol was explained and each subject was asked
to sign an informed consent form which presented a
small questionnaire regarding user acceptability and
comfort to be filled at the end of the session.

3.2 System’s Usability

Table 1 shows the average percentage of valid data
after outlier removal and the total acquisition time for
each modality and task for the fixed time window seg-
mentation. For the Idle task, approximately 85% of
the recording achieves a minimum degree of qual-
ity to be used. This result gives an estimate of the
ability of the system to perform identity recognition
when the user does not perform significant move-
ments with his or her arms and fingers, such as when
reading and watching some content on the computer
without actively using the mouse, touch pad or key-

Table 1: Averaged fraction of recording effectively
used (as a result of outlier removal) and total time
of acquisition in the first session.

Task Modality Avg. time
used (%)

Avg. acquisition
time (s)

Idle
BVP 85

120Forearm ECG 87
Chest ECG 89

Typing 1
BVP 41

265Forearm ECG 26
Chest ECG 90

Touch pad
BVP 65

115Forearm ECG 50
Chest ECG 90

Typing 2
BVP 36

180Forearm ECG 24
Chest ECG 88

board. When considering the results obtained for the
other tasks, the value decreases below 70%, so the
use of the devised biometric system in a continuous
authentication framework is limited.

3.3 Test Protocol

Three kinds of analysis were performed: (i) within-
session within-task analysis (WS-WT), where the
data from one task are used to create the training
and test sets, and a LOO is used for performance
evaluation; (ii) within-session across-task analysis
(WS-AT), where the data from two tasks in the same
session are used to create the training and test sets;
and (iii) across-session analysis (AS), which is simi-
lar to WS-AT analysis, but the data come from tasks
that belong to different sessions. The tasks are la-
beled as: Sx.1, Sx.2, Sx.3 and Sx.4 corresponding
to the Idle, Typing 1, Touch pad and Typing 2 tasks,
respectively, with x assigned to 1 if the task belongs
to session 1, and to 2 otherwise. In order to create
balanced data sets, a fixed number of samples was
extracted randomly from the set of samples of each
subject. Two types of data sets were created, DA

and DB, with 24 and 15 subjects, respectively. For
every test, the results were averaged across several
runs: 20 runs when performing WS-AT analysis, and
100 runs otherwise. The classifier used was the dis-
tance weighted 3-NN algorithm. With the exception
of the tests conducted in 3.4.1, the Pearson corre-
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lation distance was used as dissimilarity measure,
the mean wave of 5 consecutive waves was used as
template for the forearm ECG and BVP, with no aver-
aging applied to the chest ECG, and the results are
only presented for the fixed time window segmenta-
tion. After a preliminary evaluation of the filtering cut-
off frequency and its effects on the biometric system
performance, only the ECG based modalities filtered
with the 40 Hz cutoff frequency were used in the rest
of the tests.

3.4 Identification Results: Single
Modalities

3.4.1 Averaging and ECG Cutoff Frequency

The averaging of consecutive waves was performed
using the data from DA to create the training and
test samples. The Euclidean distance was used as
metric and z-score normalization (Equation 2) was
applied to the samples. Figure 8 shows the results
for the WS-AT analysis, where tasks S1.1 and S1.3
were used as training and test sets, respectively. The
results obtained for the ECG modalities show that
the performance is higher when applying a low-pass
filter with a cutoff frequency of 40 Hz, as opposed
to 20 Hz. Despite removing less components of the
EMG noise than the smaller cutoff frequency, it pre-
serves more detail in the heartbeats, which leads to a
higher discriminability between subjects. The results
also show that the fixed time window segmentation
achieves a better performance than the heart rate
based resampling method. This can be explained
because the assumption that the different segments
of the ECG and BVP waves are transformed in the
same way as a function of the heart rate variabil-
ity (HRV) does not hold. The approximation imple-
mented increases the intra-subject variability. The
development of more robust methods that model the
change of the several segments with the HRV is cru-
cial. The best performance was achieved for the
chest ECG modality, followed by the forearm ECG
and, lastly, the BVP. For the forearm ECG, the aver-
age EID decreases from approximately 15% to 5%

when using the mean wave of 5 consecutive waves.
Assuming a rest heart rate around 80 bpm, 5 consec-
utive waves correspond to a time interval of approx-
imately 4 seconds, and so a decision can be output
in the given amount of time. By taking advantage of
a continuous framework, a decision can be provided
using also the data previously collected or even the
decisions output.

3.4.2 Comparison Between Tasks

Tables 2 and 3 present the results for the WS-AT
and AS analyses, respectively, using the data set
DB. The results show that the best performance
is achieved for the Idle and Touch pad tasks, given
the lower presence of noise, with the forearm ECG
and BVP achieving a minimum EID of approximately
2% and 25%, respectively, in the WS-AT tests. The
performance of the three modalities in the AS tests
degrades significantly. In the case of the chest ECG,
the poor performance can be explained due to a dif-
ferent placement of the chest band between ses-
sions for some subjects. As for the forearm ECG, the
poor performance obtained across-sessions is due
mainly to 3 subjects, 2 of which whose heartbeats
change considerably between sessions. Consider-
ing the significant changes in morphology between
sessions for some subjects, two smaller fixed time
windows were also considered: [-200, 50] ms (PQRS
complex window) and [-50, 50] ms (QRS complex
window). The results for the forearm ECG modal-
ity are shown in Table 4. The WS-AT analysis was
performed using tasks S1.1 and S1.3 as training and
test sets, respectively, while the AS analysis used
tasks S1.1 and S2.1 as training as tests sets, re-
spectively. In the WS-AT tests, the performance in-
creased when a larger fixed time window is used,
ranging from an EID value of approximately 2% to
12% . This was expected given the lower variability
of the hearbeats in the short term and the additional
information that the ST segment provides in terms
of discriminative capacity. However, in the AS anal-
ysis the performance achieved using only the QRS
complex window is similar to that obtained using the

7



(a) WS-AT averaging results for the forearm ECG modality using
tasks S1.1 (training) and S1.3 (testing).

(b) WS-AT averaging results for the BVP modality using
tasks S1.1 (training) and S1.3 (testing).

(c) WS-AT averaging results for the chest ECG modality using
tasks S1.1 (training) and S1.3 (testing).

Figure 8: Averaging results for the (a) forearm ECG,
(b) BVP and (c) chest ECG modalities.

Table 2: Average EID results obtained for each task
when conducting a WS-AT analysis using a fixed
time window segmentation.

Test set
Training

set Modality Sx.2 Sx.3 Sx.4

S1.1
(x=1)

BVP 57.34±2.73 25.38±2.84 63.91±4.13
Forearm

ECG 12.4±5.53 2.24±1.72 7.51±2.4

Chest
ECG 6.87±0.11 6.46±0.29 8.31±0.82

S2.1
(x=2)

BVP 64.75±4.66 30.72±3.41 65.77±3.87
Forearm

ECG 3.07±2.62 4.44±1.73 5.63±2.45

Chest
ECG 0.03±0.04 9.18±0.52 9.51±0.35

Table 3: Average EID results obtained for each task
when conducting an AS analysis using a fixed time
window segmentation.

Test set
Training

set Modality Sx.1 Sx.2 Sx.3 Sx.4

S1.1
(x=2)

BVP 65.81±1.06 84.65±2.91 70.31±2.76 82.47±2.83
Forearm

ECG 22.39±1.25 29.77±4.11 26.53±1.67 36.43±3.15

Chest
ECG 50.65±0.61 55.14±0.73 52.88±0.53 61.93±0.62

S2.1
(x=1)

BVP 64.47±2.03 71.37±2.19 67.36±3.09 72.42±2.79
Forearm

ECG 23.33±1.66 38.13±8.48 38.93±3.38 39.8±4.16

Chest
ECG 70.4±0.73 68.17±0.64 71.49±0.53 64.58±0.89

original PQRST complex ([-200, 400] ms), with EID
values of approximately 22%. The changes across-
sessions that occur at the level of the ST segment
degrade the performance. On the other hand, the re-
sults obtained for the PQRS complex show that this
segment presents a lower degree of variability with
time, achieving an EID of approximately 8% across-
sessions.

Table 4: Average EID results obtained using fixed
time windows with different lengths for the forearm
ECG modality when conducting WS-AT and AS anal-
yses: QRS [-50,50] ms, PQRS [-200,50] ms and
PQRST [-200,400] ms.

Analysis QRS PQRS PQRST
WS-AT 12.02±3.11 4.58±1.75 2.09±1.70

AS 22.12±1.15 8.07±1.18 22.38±1.04
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Table 5: Average global EER results obtained when
conducting WS-AT and AS analyses using a fixed
time window segmentation. Task S1.1 was used as
training set.

Test set BVP Forearm ECG Chest ECG
S1.2 20.68±1.18 7.24±1.28 6.66±0.04
S1.3 6.84±0.65 4.13±0.8 5.88±0.35
S1.4 22.12±0.77 6.51±0.74 7.53±0.4
S2.1 27.9±0.55 13.42±0.13 32.72±0.4

3.5 Authentication Results: Single
Modalities

The authentication tests performed are shown in Ta-
ble 5. The data set DB was used for performing WS-
AT and AS analyses, with both using task S1.1 as
training set. The former analysis used tasks S1.2-4
as test sets and the latter only S2.1.

3.6 Identification Results: Multimodal-
ity

Equal a priori probabilities were set to all subjects
and the same weights were assigned to the deci-
sions produced by the two single modality classifiers.
The DB data set was used and WS-AT and AS anal-
yses were conducted both using the S1.1 as train-
ing set: the former analysis used S1.3 as test set;
the latter used S2.1 as test set. Similar to a WS-
WT analysis, LOO performance estimate was used
in the training set to compute the confusion matrices
of each single modality classifier.

Table 6: Average EID results obtained when conduct-
ing single modality and multimodality tests using the
forearm ECG and BVP as input modalities.

Analysis WS-AA AS
BVP 28.78±6.14 65.58±1.21

Forearm ECG 3.51±2.41 22.68±1.32
Fusion 4.67±3.34 43.48±1.86

As shown in Table 6, the BVP modality degrades
the performance of the fusion methodology. Tests
were also conducted by combining the forearm ECG
modality using the original PQRST complex window,
with the smaller PQRS and QRS complexes win-

Table 7: Average EID results obtained when conduct-
ing single modality and multimodality tests using the
forearm ECG modality with a combination of differ-
ent fixed time windows: QRS [-50,50] ms, PQRS [-
200,50] ms and PQRST [-200,400] ms.

Analysis WS-AA AS
PQRST 2.93±2.46 22.66±1.37

QRS 15.07±3.88 21.91±1.6
PQRS 7.47±2.27 8.04±1.15

Fusion w/ QRS 8.58±2.95 18.60±1.18
Fusion w/ PQRS 6.20±2.55 7.95±1.13

dows. The fusion achieved slightly better results in
the across-session analysis, especially in the case
of the PQRS complex window (Figure 7). Although
the forearm ECG modality presents a higher de-
gree of discriminability when using a fixed time win-
dow that includes the PQRST complex, the use of
QRS and PQRS complexes windows is more robust
to changes with time. By combining these modali-
ties, an increase in the performance can be achieved
when the elapsed time between the enrollment and
recognition phases is significant.

4 CONCLUSIONS AND FUTURE
WORK

We explored the use of two physiological signals, the
ECG and BVP, as biometric traits to perform identity
recognition in a computer interaction setup, following
a semi off-the-person approach. With this in mind,
we devised a set of representative tasks that sim-
ulate the usual behavior when using a computer in
a work environment, and collected data for a group
of subjects. The BVP modality revealed a poor per-
formance, due to significant amount of noise. The
movements produced by the finger severely con-
taminate the signal with motion artifacts, and re-
moving this noise is a considerable challenge. The
research developed in the field of BVP biometrics
shows that this modality can be used as a biomet-
ric trait. However, most of the studies are conducted
in controlled conditions, where the subjects are at
rest and seated, and only within-session tests are
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performed. Considering the results obtained in this
thesis, the BVP can be used to provide information
regarding the heart rate and HRV, since the sys-
tolic peaks are well defined and the evaluation per-
formed in terms of user acceptability showed that the
available valid BVP data is considerable. As for the
forearm ECG, the use as a biometric trait is limited,
since the amount of valid data effectively collected
depends on the behavior of the user when interact-
ing with the computer. Passive activities can provide
conditions for the acquisition of signal with a reason-
able degree of quality and without significant inter-
ruptions. The effective use of the system in other
conditions depends on the ability of the user to con-
form and adapt to the system. In a scenario where
the users do not adapt to the system, the system
can assist other biometric system or ask the user to
provide biometric data with a reasonable degree of
quality. The work conducted in this thesis lays the
foundations for exploring off-the-person biometrics in
a computer interaction setup. Further improvements,
especially in terms of sensor development and in-
tegration, and implementation of robust denoising
techniques and continuous frameworks, must be in-
vestigated. To our knowledge there are currently no
studies performed in similar conditions. The method
developed was able to recognize a small set of indi-
viduals from signals acquired in a computer interac-
tion setup and is a step towards robust continuous
ECG and multimodality based biometrics.
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