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Abstract
This paper concerns measurement procedures on an emotion monitoring stand designed for tracking human
emotions in the Human-Computer Interaction with physiological characteristics. The paper addresses the key
problem of physiological measurements being disturbed by a motion typical for human-computer interaction
such as keyboard typing or mouse movements. An original experiment is described, that aimed at practical
evaluation of measurement procedures performed at the emotion monitoring stand constructed at GUT. Different
locations of sensors were considered and evaluated for suitability and measurement precision in the HumanComputer Interaction monitoring. Alternative locations (ear lobes and forearms) for skin conductance, blood
volume pulse and temperature sensors were proposed and verified. Alternative locations proved correlation with
traditional locations as well as lower sensitiveness to movements like typing or mouse moving, therefore they
can make a better solution for monitoring the Human-Computer Interaction.
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1. Introduction
Human emotions influence the manner people act and work, but tracking effective and
counter-productive emotional states is a challenge even for qualified psychologists [1‒2].
Affective computing provides a large set of methods and tools for emotion recognition, that
might be used for tracking affect in different contexts. Automatic affect recognition processes
are based on symptoms of emotions, which are expressed by human body, including: facial
expression, body language, voice and physiological signals [3]. Physiology, comprising such
parameters as blood volume pulse, galvanic skin response (skin conductance), body
temperature, and muscle tension, proved to have good accuracy in affect recognition [4].
However, the accuracy of biometric-based emotion recognition algorithms was not analyzed
for suitability in monitoring the human-computer interaction.
The paper describes the construction of an emotion monitoring biometric stand, which is
intended to be used in monitoring human-system interaction, especially tracking emotional
states of a person working with systems. The stand was constructed at Gdańsk University of
Technology in 2013. The main challenge was the sensitiveness of biometric sensors to
movements and their location on fingers, which is inconvenient while using a mouse and/or a
keyboard in the human-computer interaction. Therefore, an experiment was held, aiming at
eliminating sensors from hands and finding alternative locations that are as good as typical
finger location. The following experiment hypothesis is given: it is possible to monitor the
human-computer interaction reliably with biometric sensors placed in non-disturbing
locations. The experiment’s design, execution and results are presented in the paper followed
by the discussion of the outcomes. The paper also provides some guidelines for measuring
physiological signals in the human-systems interaction.
_____________________________________________________________________________________________________________________________________________________________________________________
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2. Related work
Works that are mostly related to this research fall into the following categories: research on
physiological signals in emotion recognition, biometric sensors location and studies on
motion artifacts in physiological signals.
The automatic emotion recognition can be based on a diverse characteristics analysis that
can be obtained from different input channels including: face muscle activity and other
muscles activity (obtained from video image or electromyography sensors) [5‒6], posture
analysis (obtained from a video image or pressure matte) [7], behavioural patterns (from
keyboard and mouse trackers or from video) [8‒9], accent and modulation (voice) [10], and
physiological parameters (from sensors or video) [4, 11]. Physiological parameters are
perceived as the most reliable proxy for emotion recognition, as they are not controlled by
most people [12]. The highest accuracy, however, is provided by emotion recognition
algorithms based on multimodal inputs, which combine different channels and parameters [3],
[13]; and that approach was chosen for the emotion monitoring stand construction at Gdańsk
University of Technology.
The physiological parameters most commonly used in emotion recognition cover: heart
rate, skin conductance, respiration, muscle activity, peripheral temperature as well as brain
activity [14‒17]. The heart rate can be obtained from an electrocardiographic sensor placed on
the chest or from a blood-volume pulse sensor, placed on fingertips [14]. Alternative locations
of the BVP sensor are toes and ear lobes [11, 15], and the latter was chosen for the proposed
emotion monitoring stand. Electromyographic sensors in emotion recognition are placed on
face muscles to track microexpressions and on a trapesius muscle (shoulder) because it
reflects stress [11, 16]. In emotion recognition, the typical location of skin conductance
sensors is the base of a ring and an index finger or a little and a middle finger, however, three
alternative locations were mentioned: a forearm, palm and foot [17]. Respiration can be
measured on the thorax or abdomen, while peripheral temperature is measured on fingertips.
As a change of the signal is interpreted as a change of emotional state, one restriction must be
made, namely, all sensors are sensitive to movements and in most of the experiments
described in the literature, a subject is asked not to move the body parts that the sensors are
attached to.
There are studies on motion artifacts that influence biometric characteristics, yet they focus
mainly on medical applications f.e. [18]. In this context research concentrates predominantly
on the elimination of respiratory motion as well as uncontrolled body twitch artifacts. In those
studies diverse methods are employed for motion artifacts rejection, including adaptive filters,
Bayes filters, Canonical Component Analysis, Blind Source Separation as well as methods
and procedures based on hardware such as a differential analysis based on multiple electrodes
[19, 20]. Motion artifacts are quantified in those studies using diverse time, frequency and
time-frequency domains metrics [21].
Although there are multiple studies on emotion recognition based on biomeasurements,
according to the author’s knowledge, the sensitiveness of biosensor readings to movements
was not evaluated in monitoring the human-computer interaction before.
3. Emotion monitoring stand construction at GUT
The objective of the emotion monitoring stand is to conduct experiments on computer
users affective states retrieval and analysis. The stand is equipped with computers, cameras
and a set of biosensors, which allow to monitor user activities and record multiple user
observation channels at the same time. In 2013, an emotion monitoring stand was constructed
at Gdańsk University of Technology as a dedicated stand in a research laboratory room. The
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equipment of the stand was chosen on the basis of its capabilities and availability. The
FlexComp Infiniti coder by Thought Technology, Canada was chosen as a biosensor
analytical device. The coder is a ten-channel multimodal device dedicated for real-time
biofeedback, psychophysiology training and monitoring. However, it was not dedicated for
emotion recognition and not checked against suitability in the human-computer interaction.
The coder is connected with a computer database via TT-USB device and allows to record
simultaneously up to ten channels with the sampling rate of 2048 samples per second. The
coder removes noise from all input channels and performs signal amplification and
preliminary filtration that is adjusted to the sensor type.
The biometric sensor set for the emotion monitoring stand was configured to measure
physiological parameters that are commonly used in affect recognition and the choice was
justified by the literature review. The sensors are compatible with the FlexComp Infiniti coder
and other coders produced by Thought Technology. Some of the sensors in the predefined set
were doubled in order to try out multiple locations at the same time. A detailed list of the
sensor types, values measured and accuracy as provided by the producer [15] is shown in
Table 1. All of the sensors were produced by Thought Technology, Canada.
Table 1. Parameters of biometric sensors for emotion monitoring stand.
Sensor
skin conductance SC-Flex/Pro
electromyography MyoScan Pro EMG
respiration RESP
EEG-Z sensor
blood-volume pulse HR/BVP Flex/Pro
temperature TEMP

Input values scope
0 – 30.0µS
0 – 2000µVRMS
relative measure 30–65%
0 – 200µVRMS
relative measure 0% – 100%
10-45oC

Accuracy
±0.2µS
±5%
±0.3µVRMS ±5%
not available
±0.3µVRMS ±5%
for 10-40oC
±5%
± 1.0oC

Thought Technology BioGraph Infiniti application was installed for gathering biometric
data from the coder. The system was chosen according to the compatibility with the coder, but
also basing on signal quality optimization features including verifying signal quality and
adjusting the sensor location, integrated electrode impedance measurement as well as artifact
rejection feature, both automatic and manual. Additionally, the optional Physiology Suite was
installed, specifically designed for monitoring and assessing physiological functions:
recording biomeasurement sessions, reviewing recorded data for the purpose of artifact
rejection, generating session reports and demonstrating the results.
4. Experiment design
To verify the research hypothesis that it is possible to monitor the human-computer
interaction reliably with biometric sensors placed in non-disturbing locations, an experiment
was designed and conducted. In the study of the emotion monitoring stand hardware layer,
two research methods were employed, namely a controlled experiment and a questionnaire.
The controlled experiment was carried out with a set of predefined independent variables
including sensor locations that were manipulated to record differences in dependent variables
(measured values from the biometric sensors). Full randomization of subject selection was not
possible in a laboratory setting located in one place only; therefore, while assigning subjects
to groups, randomization type II was performed. Moreover, the group of convenience was
constructed in such a way that it represented some range of possible confounding variables
such as the age and gender. The experiment was followed by a questionnaire to determine
subjective assessment of disturbing monitoring.
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4.1. Operationalization of variables and detailed thesis
To verify the overall paper research thesis on non-disturbing and reliable sensor locations,
the analysis was decomposed into the evaluation of three detailed characteristics:
− subjective notion of disturbing and non-disturbing sensor locations (in HCI),
− sensitiveness of biomeasurements’ values to body parts movements,
− correlation of measurements in on-finger and off-finger locations.
In other words, the first step of the hypothesis verification is to spot the locations that are
subjectively the most disturbing during interaction with computers and that are the most
interfered with typical movements like typing or mouse movement. The next step is to verify
whether the alternative locations are good enough to be a reliable replacement for typical
finger locations. That step required checking whether the outcomes of alternative sensor
locations are similar or correlated with the typical finger location.
Sensors such as SC, BVP and TEMP are sensitive to movements and at the same time the
human-computer interaction is based on intensive hand and finger mobility. Standard
locations of BVP, TEMP and SC sensors include fingers; BVP and TEMP are placed on
fingertips, while two SC sensors are placed at the finger base of a ring and an index finger or
a little and a middle finger. These locations are not convenient for monitoring the humancomputer interaction, as they disturb keyboard and mouse usage, therefore, alternative sensor
locations had to be identified and tested. Based on a literature analysis, alternative locations
were chosen, and the following ones were tested: a forearm for the skin conductance sensor
and ear lobes for the temperature and pulse sensors. The detailed information on dependent
and independent variables and the experiment thesis is provided in Table 2.
Table 2. Operationalization of variables and detailed thesis for the experiment.
Research objective 1. Subjective evaluation of sensor interference with HCI
Independent variable:
sensor location
Dependent variable:
subjective feeling of comfort (measured with questionnaire)
Off-finger locations of sensors are less disturbing when compared to finger
Hypothesis
locations
Off-finger locations of sensors are more or the same disturbing when compared
Null hypothesis
to finger locations
Research objective 2. Sensitiveness to motion
movement (keyboard typing, mouse movements, head movements, body
Independent variable:
movements) and lack-of-movement (as baseline)
biometric values provided by the sensor (values depending on sensor types,
Dependent variable:
sensor placed in on-hand and off-hand locations)
Measurements at off-finger location of sensors is less disturbed by body part
Hypothesis
movements than typical finger location
Both on-finger and off-finger locations of sensors are significantly disturbed by
Null hypothesis
body part movements
Research objective 3. On-fingers and off-fingers sensor locations
sensor location with two values assigned: finger location (SC: finger base,
Independent variable:
BVP, TEMP: fingertips) and off-finger location (SC: forearm, TEMP and BVP:
ear lobe)
Dependent variable:
biometric values provided by the sensor
Readings from an alternative sensor location are good proxy for measuring
Hypothesis
change in bioparameter value as provided with a typical (finger) location
Readings from an alternative sensor location do not correlate with bioparameter
Null hypothesis
values from a typical location

In this experiment, four movements typical in the human-computer interaction were
considered, including typing with a keyboard, moving a mouse, moving the head (as looking
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at multiple monitors or moving the head forward to see a small detail on the screen) and
changing the body position (slight chair movements).
A decision was made to combine the research hypothesis verification in one experiment,
due to the following reasons. The verification of research objective 1 (subjective evaluation of
the sensor locations) must follow the measurement procedure, as otherwise disturbance would
be evaluated only hypothetically. For the rest of the hypothesis (2 and 3), the thesis
verification requires the same subject group and the same dependent variable is measured.
Both typical and alternative locations must be tested against sensitiveness to motion
(hypothesis 2).
4.2. Experiment plan
The experiment was held using the emotion monitoring stand described in point 3,
however, the results may apply to other biometric stands as well, especially those equipped
with similar or equivalent biometric equipment. There were two test groups differing in skin
conductance sensor location, as two sensors working at the same time interfere with each
other and falsify the measurements. The temperature and BVP sensors were doubled in each
group. There was no control group, as the treatment and measurement are the same activity. A
random assignment to test groups was performed (even subject numbers were assigned to
group A, while odd numbers to group B, all numbers being assigned in a sequence of
attendance, which was not controlled by the investigator).
The experiment process consisted of the following steps: information on the investigation
and signing a consent, number assignment and group assignment, attachment of sensors,
measurement sequence 1, re-attachment of sensors, measurement sequence 2 and filling in a
personal characteristics form (age, gender) and a questionnaire on disturbing monitoring.
The first measurement sequence consists of attachment of the sensors and baseline
measurement (rest measurement). In the second measurement sequence the baseline is
recorded first and then four different movement patterns are measured, intermediated with a
rest. In the movement measurement the subject is guided with an instruction displayed on the
additional monitor. The detailed sensor location is presented in Fig. 1.

Fig. 1. Sensor location in emotion monitoring verification experiment.

Sensors assigned only with numbers were placed in these locations for both test groups.
Sensor 2 (skin conductance) was located at fingers (2A) for test group A and at a forearm
(2B) for test group B.
The questionnaire on disturbing monitoring was passed to the subjects after both
measurement phases and it was intended to survey individual subjective evaluation of comfort
in monitoring environment, as well as to identify the most disturbing locations, both in the
experimental setting and in the human-computer interaction. The questionnaire started with a
sensor location picture (similar to the one provided in Fig. 3, however differentiated among
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the groups), in which all sensor locations were assigned with single letter captions. Questions
were asked on subjective evaluation of sensor location disturbance during the experiment and
the human-computer interaction.
4.3. Emotion monitoring study execution
A group of 31 subjects was involved in the experiment, including 13 females and 18 males,
with age ranging from 21 to 59 years. During the experiment, subjects were instructed not to
move or to perform specific movements and that instruction was provided on the screen in
front of them. An exemplary session recording in Thought Technology application is
provided in Fig. 2. Different measurement phases are separated with vertical lines and their
description is presented at the bottom of the window. As it can be seen, there is a leap in most
of the parameters between baseline 1 and baseline 2, where sensors were detached and reattached, illustrating sensitiveness to sensor relocation. For most of the parameters some
disturbances, caused by different movement phases (keyboard usage, mouse movement, head
movement and body movement on a chair, respectively), can be observed starting from
minute 2.

Fig. 2. Exemplary session track visualization of selected biometrics.

The sampling rate in data acquisition was 2048 Hz for all sensors, although such a value is
required only for the BVP sensor. Data set from the experiment for 31 subjects exported with
256 Hz and timestamp is available at the Emotion in HCI Research Group website [22].
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5. Experiment results
The experiment results were analyzed in the following order: first, a subjective evaluation
of the sensor location was summarized to identify the most disturbing sensor locations in the
human-computer interaction, then the locations were tested against sensitivity to the
movements. For selected sensors (with two alternative locations) correlation analysis of
measurements was performed.
5.1. Subjective evaluation of sensor locations
After the measurement was completed, the subjects were asked to assign the sensor
locations with numbers from 0 to 3 (0– non-disturbing, 3– very disturbing). As the scale in the
questionnaire was ordinal, in analysis position metrics were used instead of means.
People found EMG sensor location on the trapesius muscle and forearm location of the
skin conductance sensor the least disturbing both during the experiment and in HCI (30 out of
31 subjects rated EMG location with 0). Both locations of respiration sensors were perceived
as non-disturbing (with mode 0), however the location on thorax was a little more disturbing
(with median 1) than the location on abdomen (median 0).
Finger locations of the BVP and TEMP sensors were found most disturbing (with both
mode and median equal to 3), while alternative locations of those sensors on ear lobes were
significantly less disturbing (with both mode and median equal to 0). Skin conductance
location on fingers was less disturbing than the one of the BVP and TEMP sensor (median 2),
although it was on the right hand used for the mouse movement. The skin conductance
forearm location was considered as one of the least disturbing during the experiment and in
HCI (median and mode equal to 0). Histograms of the notes for typical and alternative
locations of blood-volume pulse, temperature and skin conductance sensors are provided in
Fig. 3.

Fig. 3. Subjective evaluation of sensor locations – histograms for BVP, temperature and SC sensors.

Verification of the hypothesis on alternative and typical locations of the temperature,
blood-volume pulse and skin conductance sensors, requires checking significance of the
observed differences and therefore Mann-Whitney U test for BVP and temperature and
Wilcoxon test for skin conductance were calculated, as they can be used for ordinal data
comparison.
The Mann-Whitney independent observations test was calculated for the blood volume
pulse and temperature with results of U metric 17 and 55.5 respectively, which allows to
accept the hypothesis on less disturbing alternative locations with p<0.0001. The Wilcoxon
independent observations test was calculated for skin conductance providing W value 2.5,
which allows to accept the hypothesis on less disturbing alternative locations with p<0.02.
Based on this analysis, a hypothesis can be accepted, suggesting that the chosen off-finger
location of sensors (ear lobes for temperature and blood volume pulse sensors and forearm for
skin conductance sensor) are less disturbing in comparison to finger locations.
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5.2. Sensitiveness to body part movements
As biometric sensors readings are sensitive to human body movements, it is important to
measure the effect in different sensor locations. In this experiment four movements were
considered, including typing with a keyboard, moving a mouse, moving the head and
changing the body position. All of the movements were performed separately. Descriptive
statistics such as mean, standard deviation and maximum for the baseline (no movement) and
all four movement types are provided in Table 3. Values are averaged for all participants.
EMG is provided in µVRMS, skin conductance in µS, temperature in Celsius scale, BVP
signal was recalculated to retrieve heart rate, while respiration is provided in a relative %
measure.
Table 3. Descriptive statistics of baseline and movements for all participants.
Baseline
Sensor

EMG
EMG

Location

Trapesius
muscle right
Trapesius
muscle left

RESP

Thorax

RESP

Abdomen

TEMP

Finger

TEMP

Ear lobe

BVP
(Heart
Rate)
BVP
(Heart
Rate)

Mean
(SD)
6.5
(3.1)
5.1
(3.9)
16.7
(0.7)
25.7
(0.9)
34.3
(0.07)
32.7
(0.04)

Max
47.9
32.8
20.1
28.6
34.6
32.8

Keyboard
typing
Mean
Max
(SD)
16.4
160.1
(13.9)
12.5
105.1
(10.2)
15.6
17.5
(0.6)
25.8
28.1
(0.7)
34.4
34.6
(0.07)
32.8
32.8
(0.02)

Movement
Mouse
Head
movement
movement
Mean
Mean
Max
Max
(SD)
(SD)
42.9
8.7
281.5
68.3
(31.9)
(6.3)
27.7
6.9
243.7
56.0
(18.5)
(5.09)
15.6
16.4
18.5
17.9
(0.9)
(0.53)
25.9
25.9
28.4
27.7
(0.9)
(0.6)
34.2
34.2
34.4
34.3
(0.09)
(0.04)
32.9
33.0
32.9
33.0
(0.02)
(0.01)

Body
movement
Mean
Max
(SD)
35.7
287.3
(32.7)
34.5
294.9
(21.8)
16.8
23.4
(1.9)
25.2
30.5
(1.8)
34.4
34.5
(0.08)
33.1
33.1
(0.01)

Finger

69.9
(10.8)

85.8

77.2
(24.6)

140.2

73.5
(18.6)

108.6

67.2
(15.1)

85.5

83.4
(24.5)

138.7

Ear lobe

69.7
(11.0)

81.8

71.5
(16.1)

83.6

71.9
(16.4)

85.1

67.1
(14.7)

82.6

80.9
(18.9)

102.6

SC

Fingers

SC

Forearm

1.10
(0.07)
0.74
(0.04)

1.30
1.36

1.31
(0.11)
0.85
(0.05)

1.52
0.96

1.79
(0.14)
0.89
(0.05)

2.01
1.00

1.59
(0.09)
0.88
(0.04)

1.80
0.99

1.86
(0.22)
0.98
(0.11)

2.22
1.25

In the movement analysis there is no point comparing the means, as the mean of a
biometric signal may not express peaks caused by movements (two different functions e.g.
linear and periodical can have the same mean). Instead, an analysis of variability should be
performed to express the possible disturbance of the signal by movements. The following
metrics in time domain can be used for quantification of the movement artifacts: variance,
range, maximum value, power, absolute difference, relative difference, impulse count,
autocorrelation, moving average. The choice of the metric should be justified by correlation
with observable disturbance as well as computational complexity. As variance and maximum
values showed accurate correlation with the observations as well as low complexity, they
were chosen for the comparison of sensor locations. Also an analysis of the EMG outputs
provided some confirmation to the correctness of the chosen approach. As trapesius muscles
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are involved in the movements performed by the subjects, EMG readings are severely
affected and that is reflected in the variance metric. There is also a noticeable difference
between the two locations on right and left shoulders during the mouse movement, as the right
hand was involved (there were no left-handed representatives within the group) and that
difference is also reflected in the variance metric. An additional benefit of the variance
metrics is that there are statistical tests directly designed for variance comparison. Moreover,
research is being conducted by the author, aiming at analyzing the movement artifacts from
this experiment with the use of metrics from frequency or time-frequency domain.
A detailed analysis of each sensor readings is performed using F-Snedecor statistical test
that allows to estimate significance of difference in variance. Detailed results of F-test for all
sensor locations and movements are provided in Table 4 (where F is calculated F-test value,
df – degrees of freedom, thresholds are obtained form F-Snedecor test tables, and the final test
result is denoted as S- significant or IS- insignificant).
Table 4. F-Snedecor test results on significance of differences between baselines and movements.

Sensor

EMG
EMG
RESP
RESP
TEMP
TEMP
BVP
(HR)
BVP
(HR)
SC
SC

Location
Trapesius
muscle
right
Trapesius
muscle left
Thorax
Abdomen
Finger
Ear lobe

F-test
parameters
(p<0.01)
df threshold

Keyboard
typing
F
S/IS

F values
Mouse
Head
movement
movement
F
S/IS
F
S/IS

Body
movement
F
S/IS

30

2.386

20.10

S

106.40

S

4.14

S

111.36

S

30

2.386

12.29

S

80.83

S

2.99

S

145.47

S

30
30
30
30

2.386
2.386
2.386
2.386

0.63
0.70
1.00
0.21

IS
IS
IS
IS

1.53
1.13
1.57
0.18

IS
IS
IS
IS

0.50
0.55
0.37
0.12

IS
IS
IS
IS

6.93
4.51
1.56
0.08

S
S
IS
IS

Finger

30

2.386

5.19

S

2.98

S

1.97

IS

5.16

S

Ear lobe

30

2.386

2.14

IS

2.23

IS

1.79

IS

2.96

S

Fingers
Forearm

15
14

3.485
3.698

2.24
1.69

IS
IS

4.00
1.44

S
IS

1.39
1.03

IS
IS

9.50
7.80

S
S

Differences of respiration signal variability in the baseline and movement measurements in
two locations (thorax and abdomen) also exist, though, they were found insignificant for the
keyboard typing, mouse movements and head movements, while significant only for the body
movements (detailed F-values are provided in Table 4).
Differences of temperature signal variability for the baseline and movement measurements
on both the ear lobe and fingers were found insignificant. This result is natural as the overall
variability of temperature signals is very low (standard deviations range is 0.01-0.09).
Nevertheless, F-values calculated for the ear lobe are considerably lower than for finger
location of the sensor (e.g. five times lower for the keyboard typing).
Differences of the heart rate (derived from the blood-volume pulse signal) variability for
the baseline and movement measurements on the fingers are significantly disturbed by the
keyboard typing, mouse movements and body movements, but not by head movements. The
location of the BVP sensor on the ear lobe is less disturbed – the difference in variability was
found significant only for the body movements.
Differences of skin conductance signal variability for the baseline and movement
measurements on fingers were found insignificant for the keyboard typing and head
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movement, yet significant for mouse movements and body movements. The location of the
skin conductance sensor on a forearm is less disturbed – the difference in variability was
found significant only for the body movements. The body movements cause larger variability
for almost all sensors, and therefore such large movements must be rejected as artifacts.
Based on this analysis, a hypothesis stating that measurements at off-finger location of
sensors is less disturbed by the body part movements than the typical finger location, can be
accepted for skin conductance and BVP (heart rate). However, it must be rejected for
temperature (sensitiveness to movements for both locations was found insignificant).
5.3. Comparison of typical and alternative location of sensors
Measurements in alternative sensor locations were evaluated for correlation with typical
sensor locations. Typical locations on fingers are used for affect recognition from skin
conductance, temperature and blood volume pulse, however, due to great variability of
baseline values among people, in recognition algorithms a change vector is used instead of
absolute values [14]. This allows to assume that if readings in both locations are correlated
(signal variability is concurrent in time and sign), then readings (change vectors) from typical
locations can be replaced with the proposed alternatives on ear lobes. For the purpose of this
analysis, only baselines were used (two recordings per subject). Both the temperature and
BVP were concurrently recorded in both locations at the same time. Due to interference of
two concurrent skin conductance sensors, this input was excluded from the correlation
analysis. In the correlation analysis, Pearson linear correlation coefficients are calculated for
individual baseline recordings. As Person coefficient is not an additive metric, therefore a
determination coefficient (Pearson squared) is calculated to estimate average values for all
recordings. For Pearson coefficient the t-test was calculated to confirm significance of the
result. The histogram of Pearson coefficients for the temperature and BVP was provided in
Fig. 4.
40,00
35,00
30,00
25,00
20,00
15,00
10,00
5,00
0,00

50,00
45,00
40,00
35,00
30,00
25,00
20,00
15,00
10,00
5,00
0,00

(-1,0)

(0-0,5)

(0,5-0,9)

(0,9-1)

(-1,0)

(0, 0.5)

(0,5-0,9)

(0.9-1)

Fig. 4. Histogram of individual Pearson coefficients for finger and ear lobe location of temperature sensor (left)
and heart rate (BVP sensors) (right).

There is observable great interpersonal variability of the finger and ear lobe temperature,
i.e. for 24 subjects average temperature on fingers was higher than on ear lobes and for the
other 7 the opposite was the case. For selected subjects the highest temperature measured on
fingers (i.e. 28.87 degrees Celsius) was lower than the minimum value for other subjects (i.e.
34.73). Thus a detailed analysis was performed and Pearson linear correlation coefficients
were calculated for each of the experiment participants. The detailed analysis of individual
correlation for each subject showed different results with average determination factor of
78%. For 52 out of 62 measurements (over 84%) Pearson coefficient was higher than
0.5 (strong positive correlation), whereas for 35 measurements (56%) the coefficient was
higher than 0.9 (very strong positive correlation).
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A detailed analysis was performed for the cases in which the correlation coefficient was
lower than 0.5 (and sometimes even negative). For most of them the range of measurements
was lower than the sensor accuracy. The average determination coefficient of measurements
in two sensor locations was 72.7%, and after eliminating measurements with the range (maxmin per baseline) lower than 0.2 degrees Celsius, it amounted to 77.7%. The T-test (t =10.09)
confirmed the significance of calculated Pearson correlation coefficients with p<0.0005. This
allows to accept a hypothesis that readings from the alternative location of the temperature
sensor (ear lobe) are good proxy for temperature change measurements provided with the
typical (finger) location.
An analogous procedure was performed for the analysis of blood-volume pulse locations
on fingers and ear lobes. For correlation calculation, the heart rate derived from power
spectrum was considered, as the blood volume pulse is a periodic signal. In the emotion
recognition, change in the heart rate is used rather than absolute values or raw blood-volume
pulse signal [14]. For 53 out of 62 measurements (over 85%) Pearson coefficient was higher
than 0.5 (strong positive correlation), while for 43 measurements (69%) the coefficient was
higher than 0.9 (very strong positive correlation). No cases of negative correlation were
observed.
The average determination coefficient was 75.9% for all of the baseline recordings,
whereas after eliminating recordings with the lowest range, it rises up to 81.1%, which means
that 81.1% of one location measurement variability is explained with the variability of the
alternative sensor location readings. The T-test (t =13.61) confirmed the significance of the
calculated Pearson correlation coefficients with p<0.0005. This allows to accept a hypothesis
stating that readings from the alternative location (ear lobe) of the BVP sensor is a good proxy
for measuring change in the heart rate as provided with the typical (finger) location.
6. Discussion
In the evaluation of all sensor locations, multiple criteria were taken into account:
sensitiveness to movements, correlation with the typical location (for alternative ones) and a
subjective evaluation of disturbance in the human-computer interaction.
The summary of the experiment results is provided in Table 5 (S-significant result, IS –
insignificant results).

Sensor

EMG
EMG
RESP
RESP
TEMP
TEMP
BVP (HR)
BVP (HR)
SC
SC

Table 5. Summary of sensor location evaluation (S-significant. IS- insignificant).
Sensitiveness to body part movements
Correlation
Level of
with typical
Location
disturbance Keyboard Mouse
Head
Body
locations
in HCI
typing
move
move
move
(determination)
Shoulder
Almost None
S
S
S
S
(left)
Shoulder
Almost none
S
S
S
S
(right)
Thorax
Small
IS
IS
IS
S
Abdomen
Small
IS
IS
IS
S
Finger
IS
IS
IS
IS
Large
Ear lobe
Small
IS
IS
IS
IS
78% (S)
Finger
IS
Large
S
S
S
Ear lobe
Small
IS
IS
IS
81% (S)
S
Fingers
IS
IS
Moderate
S
S
Forearm
Small
IS
IS
IS
not available
S
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The experiment allowed to draw some conclusions on human-computer interaction
monitoring based on bio-measurements of muscle electric activity, respiration, temperature,
pulse or skin conductance:
1. The emotion recognition in the human-computer interaction should not use EMG
measurements placed on a trapesius muscle. Although this muscle is the one that reflects
stress, the signal is significantly disturbed by the mouse movement and keyboard typing.
2. Both locations of the respiration sensor are perceived as low disturbing and insensitive to
movements, except from the body movements on a chair. For the signal recorded by those
sensors, artifacts connected with large movements (body movements) should be removed.
3. The temperature sensor placed on finger is one of the most disturbing and therefore should
be moved to an ear lobe.
4. For the temperature sensor, an alternative location provides acceptable estimate of the
value obtained from the typical finger location, nevertheless, the change may be too small
to be interpreted as a symptom of emotions (the temperature ranges were small for both
locations).
5. The BVP sensor placed on fingers also belongs to the most disturbing ones and should be
moved from fingers to the alternative location on ear lobes. For the signal recorded in the
latter location, the artifacts connected with large movements should be removed. For the
BVP sensor, the alternative location on an ear lobe provides acceptable estimate of the
value obtained from the typical finger location.
6. The skin conductance sensor location on a forearm is perceived as less disturbing than the
location on fingers. The location on a forearm is also less sensitive to the mouse
movements.
7. For the signal recorded by all sensors, artifacts connected with large movements (body
movements) should be removed regardless of their location on the body.
In emotion recognition algorithms, which are based on physiological signals, relative
values should be provided rather than absolute values, as there are significant differences
between individuals. A normalization or standardisation procedure should be performed with
a personal average, instead of an overall average calculated for all subjects. This requires
baseline recordings before tracking stimuli response. Baseline recording is important for
experimental settings as well as natural environments.
The application of emotion monitoring based on biometrics in real-time application run in
a non-experimental setting is also a challenge, since it requires some algorithms for baseline
extraction and algorithms for the automatic rejection of signal artifacts resulting from the
movements.
Experiment validity
There are two main threats to external validity of this research that are typical for
laboratory experiments: conducting biomeasurements on one stand in one location only and
using a group of convenience instead of full randomization from the whole population.
However, the results may apply to stands with similar or equivalent equipment as operation
methods of sensors from other vendors are similar, so it might be expected that they would
show the same characteristics. Moreover, such an experiment and analysis of sensitiveness to
the movement and individual variability should be performed for new stands and equipment
that are to be used for measuring biometric parameters in any atypical contexts. A group of
convenience in this experiment was constructed in such a way that it represents some range of
confounding variables such as age and gender. Moreover, randomization type II was
performed while assigning subjects to test groups. The size of an experiment group
(31 subjects) was convenient for verification of the hypothesis for most parameters. One
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restriction should be made for testing a hypothesis on relocation of the skin conductance
sensor. Although the difference between baseline averages was large, the test found that
difference insignificant. which was caused by a too small testing group.
Internal validity of this experiment is threatened by the testing effect (testing causes
change of parameters) and Hawthorne effect (people behave differently when they know that
they are being observed). Both effects are very hard to eliminate in measurements which
require placement of sensors on the skin. There are works performed on measuring pulse form
video [23] and measuring skin conductance with a mouse [24]; however, both solutions are in
an experimental phase and are not yet available for broad applications. In this experiment a
subjective evaluation of the sensor location disturbance level was performed post-test, after
the sensors had been detached but immediately after the measurement phase, in order to avoid
a history effect in the verification of the hypothesis on disturbing monitoring.
7. Conclusions
The problem of measurements sensitiveness to motion must be taken into account in both
experimental and application contexts; yet, it had not been analyzed this way before in
monitoring the human-computer interaction. The main contribution of the experiment lies in
identifying the sensor locations which were neither significantly influenced by the keyboard
typing and mouse movements, nor perceived as disturbing. This allows to accept the
hypothesis that it is possible to monitor the human-computer interaction reliably with
biometric sensors placed in non-disturbing locations.
There are wo main challenges that must be addressed in real-life applications, namely
natural baseline recording and automatic rejection algorithms for movement artifacts. In
experimental settings it is easy to spot a missing, noisy or disturbed signal as it is monitored,
whereas in practical applications the algorithms must be prepared to deal with missing or
noisy input channels.
Future works on emotion monitoring stand include building the software layer – especially
an algorithm for combining emotion recognition from diverse recognition algorithms, which
would be based on different input channel sets and emotion visualization tool. The emotion
monitoring stand is planned to be used in quantification of many observations from the
human-computer interaction [25‒26].
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