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Abstract
This work proposes a methodology for estimating human
intent during human-robot interaction (HRI). The intent
signal is used within a planning and control strategy to
improve safety and intuitiveness of the interaction. A
method for estimating intent using physiological signals is
described and preliminary test results are presented. A
companion paper describes the planning and control
strategy.

1. Introduction
As robots move from isolated work cells to unstructured
and interactive environments, they will need to become
better at acquiring and interpreting information about their
environment [1].
In particular, in cases where
robot-human interaction is planned, human monitoring
provides valuable information, which can enhance the
safety of the interaction by providing a feedback signal to
robot planning and control system actions [2,3,4,5].
Monitoring is important during interperson interaction,
where non-verbal cues such as eye-gaze direction, facial
expression and gestures are all used as modes of
communication [6]. Recently, the use of these modes is
being considered in robotics research in order to improve
the safety and intuitiveness of the interaction [6,7].
There are two aspects of “intent” that are of interest in
terms of human – robot interaction:
(i) Attention/Focus –is the attention of the person
focused (attentively occupied) on the robot’s actions?
(ii) Expectation/Approval –does the person intend (want,
expect) the robot’s actions? Is the robot carrying out the
intent (purpose) of the person? Does the person approve of
the robot’s actions?
During
human-human
interaction,
non-verbal
communication signals are frequently exchanged in order
to assess each participant’s emotional state, focus of

attention and intent. Many of these signals are indirect;
that is, they occur outside of conscious control. By
monitoring and interpreting indirect signals during an
interaction, significant cues about the intent of each
participant can be recognized [6]. Furthermore, by using
intent information, the robot can gauge user approval of its
performance without requiring the user to continuously
issue explicit feedback [2,3,4,5]. In addition, changes in
some non-verbal signals precede a verbal signal from the
user. Observation of intent information can allow the robot
control system to anticipate command changes, creating a
more responsive and intuitive human-robot interface.

2. Related Work
Existing robot-human monitoring systems can be
classified by the type of monitoring utilized. One category
of systems measures the mechanical forces and
displacements during a physical interaction with the robot
[8,9,10]. Another category of systems is concerned with
monitoring communication signals from the human [7].
These systems can be further subdivided into visual
monitoring or physiological monitoring systems. Visual
monitoring systems capture video data of the human
involved in robot-machine interaction and use this data to
guide the machine response to the interaction. This can
include visual tracking of the user’s eye-gaze direction
[2,3] and head position, or classifying of facial expressions
[11] and hand and body gestures [12,13].
Physiological monitoring systems can also be used to
extract information about the user’s reaction. Signals
proposed for use in human-computer interfaces include
skin conductance, heart rate, pupil dilation and brain and
muscle neural activity. Some of these interfaces have also
been proposed for use in human-robot interaction. Bien et
al. [7] advocate that soft computing methods are the most
suitable methods for interpreting and classifying these

types of signals, because these methods can deal with
imprecise and incomplete data.
Although physiological signals have the potential to
provide objective measures of the human’s emotional
response, they are difficult to interpret. One problem is the
large variability in physiological response from person to
person. Another problem is that the same physiological
signal is often triggered for a range of psychological states.
Thus, it can be difficult for a controller to determine which
emotional state the subject is in, or whether the response
was caused by an action of the system, or by an external
stimulus.
For these reasons, researchers in
psychophysiology recommend using more than one signal
source or indicator, for example, both heart rate and
galvanic skin response (GSR). However, human–robot
interfaces developed thus far have most frequently used
only one physiological mechanism, due in part to the
difficulty of measuring physiological signals unobtrusively,
e.g., [4, 5].
Sarkar proposes using multiple physiological signals to
estimate emotional state, and using this estimate to modify
robotic actions to make the user more comfortable [14]. In
that work, biofeedback data are used exclusively for
emotional state estimation, and it is assumed that all
changes in physiological data are caused by robot actions,
and not by external stimuli.
Outside of the domain of robot-human interaction, user
monitoring has been researched extensively in
human-computer interaction. Of particular interest is the
work on perceptual intelligence. Some of the developed
systems include technology to detect and track people in a
room, facial expression and gesture recognition, as well as
speech recognition that learns its vocabulary from the user
[1]. In addition to this holistic approach, many researchers
have focused on monitoring a specific expression modality,
such as facial expression recognition [15], eye gaze
tracking [16,17], physiological response [18], gesture
recognition [19] and speech recognition [20,21].

3. Approach
The proposed intent estimation functionality is
developed within an overall controller architecture for
human–robot interaction. The controller architecture is
described in the companion paper [22]. During the entire
interaction, the user is monitored to assess the level of

safety of the interaction, as well as the level of approval of
robot actions. This information is used for planning and
safety control decisions. The focus of this paper is on the
estimation of intent information and its potential for
improving the safety of the interaction.

3.1. Modes of Intent
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Figure 1 - Intent Signal Decomposition
Figure 1 shows an overview of how indirect intent can
be communicated and captured. Intent is separated into
two components: attention and approval. For example, the
level of user attention can be assessed based on the
physical posture of the user in relation to the robot; i.e.
whether the user is facing the robot (stance) and looking at
the robot (eye-gaze). However, static physical indicators
of attention are not always sufficient to determine attention.
It is quite possible for a user to face a robot and look
directly at it, but be thinking about something else. To
determine whether the user’s attention is focused on the
robot, the system must establish that the user is both
physically and cognitively focused on the robot. This can
be accomplished through the tracking of physiological
signals, or by dynamically tracking the physical
configuration of the user in relation to the robot. Approval
can be measured using emotional interface technology
such as facial expression recognition and physiological
signal tracking [15,18]. However, most physiological
signals are affected by cognitive and emotional processing,
as well as maintaining the equilibrium of bodily functions
(homeostasis). The measure of approval from robot
actions must therefore be extracted by separating the signal
component stemming both from homeostasis activities, as
well as from emotional and cognitive processing which is
not related to robot activity [23]. Approval estimation
based on physiological signals must be validated by

physically based user attention information to ensure that
the measured changes in physiology are the results of robot
stimuli as observed by the user, and not a result of other
external stimuli.

3.2. Intent as a Control Signal
In the proposed controller architecture, planning is
divided in two stages. When a robot task is initiated, the
planning module generates a safe geometric path region,
represented as contiguous regions in space [22]. Dynamic
planning is performed by the on-line trajectory planner.
The trajectory planner plans a small number of waypoints
at a time, so that changing conditions in the environment
can be handled by local re-planning within the safe regions.
The intent signal is one of the factors that constrains the
trajectory planner.
The trajectory planner used is
described in [24]. If the planned trajectory is interactive
(i.e. human – robot interaction is planned), the velocity
specification is calculated based on the current estimate of
the intent of the user, that is, the estimated level of
approval the user expresses towards robot actions. This
modulation acts on planned motions to be executed in the
near future (1 –2 seconds), and is intended to respond to
slow changes of the intent signal.
For sudden changes in the intent signal (for example, the
user suddenly turns away), a faster response mechanism is
needed. For this reason, the intent signal is also used as an
input into the safety module. The safety module is
responsible for controlling the danger level of the
interaction in real time. This module is responsible for
reacting to sudden changes in the environment, not
anticipated during the planning stage. The safety module
executes at every control step. The inputs into the safety
module consist of the proposed next configuration of the
robot from the trajectory planner, including the velocity
and acceleration information, the current user
configuration, and an estimate of the user’s intent level
[22].

3.3. Estimating Intent
In order to test the feasibility of our approach, a
prototype intent estimator module was developed, using
physiological signals only. As opposed to other signals
such as facial expression, physiological signals are not
under direct conscious control of the user and are relatively
easy to measure. However, physiological data is highly

variable, both between individuals and interaction contexts.
In addition, quantitative descriptions for the relationship
between physiological measures and emotional categories
are not available. However, psychophysiological research
[26,27,28,29,30,31] and recent work on emotion
recognition [6,18,23] can provide qualitative relationships.
In this work, a fuzzy inference engine was deemed suitable
as an estimation method for these relationships. Another
way of inferring emotional state is by using a model of the
user [32]. However, such information may not be readily
available for general applications of human-robot
interaction.

Output Representation
Two representations are frequently used in emotion and
emotion detection research, one using discrete emotion
categories (anger, happiness, etc.), and the other using a
two-dimensional representation of valence and arousal.
Valence measures the degree to which the emotion is
positive (i.e. positive or negative), and arousal measures
the strength of the emotion.
The valence/arousal
representation provides less data, but the amount of
information retained appears adequate for the purposes of
robotic control, and is easier to convert to a measure of
user approval.
In this paper, the valence/arousal
representation is used. This representation system has
been favored for use with physiological signals and in
psychophysiological research [6,23,26,27].

Measured Variables
The measurement system utilized is the ProComp+
system from Thought Technologies [25]. The signals
measured consist of: blood volume pressure, skin
conductance, chest cavity expansion/contraction and
corrugator muscle activity. The corrugator muscle is
located on the forehead, it is used to control brow location;
the activity of this muscle has been correlated to emotions
such as frustration and anger [26,27,28]. The fuzzy
inference engine does not use the measured signals
directly; the signals are preprocessed to extract relevant
features, which are then used for inference. Because the
magnitudes of physiological signals vary widely between
individuals, another important function of the
preprocessing is to normalize the signal features so that a
single inference engine can be used across individuals.
For the skin conductance sensor, the magnitude and the

rate of change of the signal are used as inference engine
inputs. The skin conductance data is smoothed with a 1s
averaging window prior to feature extraction. Both
features are normalized for each subject, using the
maximum and minimum data points recorded throughout
the session. For the corrugator muscle electromyography
(EMG) sensor, the average signal power over a 1s interval
is extracted. The signal is normalized using baseline
(pre-test, unstimulated) data extracted from each user
during system calibration. The blood volume pressure
data is used to calculate the heart rate and vasomotor
activity. Prior to feature extraction, the blood volume
pressure signal is low-pass filtered and smoothed over a 3s
window. Both the heart rate and vasomotor activity are
normalized using baseline data. The chest cavity sensor
data is used to extract respiration rate and respiration depth.
Prior to feature extraction, the respiration sensor data is
low-pass filtered and smoothed over a 10s window.

The Inference Engine
The rulebase for the fuzzy inference engine was derived
using data from psychophysiological research [26,27,28,
29,30,31]. Physiological responses can be highly variable
between individuals, as well as vary for the same
individual depending on the context of the response.
Therefore, the rulebase was structured such that reliable
outputs would be obtained even if a subject did not exibit
all of the responses characterized by existing research. For
this reason, each input was handled with separate rules,
rather than combining indices. Five sets of rules were
developed. The first set of rules encapsulates the
relationship between the skin conductance response (SCR)
and arousal, which are found to be linearly correlated for a
majority of subjects [27,28]. The second set of rules
describes the relationship between corrugator muscle
EMG (i.e. frowning) and valence. The third set of rules
relates heart activity to valence and arousal. Unlike the
SCR and EMG muscle activity, the activity of the heart is
governed by many variables, including physical fitness,
posture, activity level in addition to emotional state [29]. It
is more difficult to obtain significant correlation between
heart activity and emotional state. In addition, heart rate
activity is also dependent on context. In tests using
external stimuli to generate the emotional response (such
as picture viewing), heart rate response is initially
decelerative, while tests using internal stimulus (recalling

emotional imagery) showed an accelerative response [28].
Since our initial experiments utilized external stimuli
(Section 3.4), and the intended application of this module
will also be for external stimuli (robot actions), the
external stimuli results were used. Using these results,
heart rate deceleration is associated with the orienting
response (i.e. increased arousal). Heart rate at the baseline,
with no heart rate acceleration or deceleration is associated
with low arousal, while high heart rate is associated with
high arousal. The fourth set of rules relates vasomotor
activity to arousal. Vasoconstriction occurs when the body
is in the fight-or-flight response, which corresponds to
highly negative valence. Vasodilation, on the other hand,
occurs during relaxation or positive emotional responses
[29]. However, the experimental setup used in this project
(Section 3.4) was not able to elicit this response from any
of the subjects, probably because the emotional stimuli
presented were not powerful enough to elicit the
fight-or-flight response. For this reason, rules related to
vasomotor activity were not included in the preliminary
rule base. The fifth set of rules relates respiratory activity
to emotional state. Similar to heart activity, the regulation
of respiratory activity is a highly complex process, which
varies as a function of heart rate, physical fitness, posture,
activity level in addition to emotional state [31]. One
significant problem with respiratory activity features is its
typically slow rate, delaying data acquisition. A 10 second
delay was required before a reliable signal becomes
available from this modality. In view of the real time
requirements of the application, a 10 second response time
is too long to be useful when estimating emotional state in
real time. For this reason, respiratory activity rules were
not used, and do not contribute to the results discussed in
Section 4.

3.4. Data Collection Process
In order to generate preliminary data for testing the
developed rulebase, a test procedure was developed using
the picture-based phychophysiological procedures by
Lang et al. [27,28]. The test uses pictures of the human
environment as stimuli to arouse an emotional response.
The measurement system is connected to a subject. The
subject then sits still for 10 seconds, while baseline
physiological data is collected. After the baseline period,
an emotionally arousing image is displayed on the screen.
After 10 seconds of viewing the image, the subject is asked

to rate the emotional content of the image, using the
valence and arousal scales. Once the user has finished
evaluating the image, the screen is cleared for 10 seconds,
to allow the subject to return to the baseline state. This
process is repeated for 10 different images. The images
used contained both “positive” and “negative” images. To
evaluate the potential of this approach, four subjects were
tested using the procedure.

4. Results
Table 1 summarizes the results for the four subjects
tested. Arousal was considered successfully detected if an
increase in arousal was observed within 3 seconds of
stimulus onset. To compare the detected arousal with the
subject reported arousal, the maximum value observed
within the first 5 seconds of stimulus onset was used.
Table 1 - Arousal Estimation Results

Subject 1
Subject 2
Subject 3
Subject 4
AVERAGE

Arousal
Detected [%]
100
100
75
100
94

Arousal Level
Error [%]
25
25
33
22
26

Because the valence data is based on one sensor input
only (the EMG signal), valence estimation was less
successful than arousal estimation. Table 2 summarizes
the results for each subject. Results for Subject 3 were
discarded as the EMG sensor became partially detached
during the test. A valence reading was considered detected
if a change in valence was detected within 5 seconds of
stimulus onset. A valence direction was considered to be
correct if both the reported and the detected valence were
of the same sign (i.e. both are positive or both are negative).
To compare the detected valence with the subject reported
valence, the maximum value observed within the first 5
seconds of stimulus onset was used. A change in valence
was detected 80% of the time. When valence was detected,
the correct direction was detected 75% of the time.
Even with only the qualitative estimates available, the
information generated by the estimator will be useful for
improving the safety of human-robot interaction. One
particular advantage of the estimator is the viability of
real-time implementation, which makes it suitable for

human-robot safety applications.
Table 2 - Valence Estimation Results
Valence
Detected
[%]
Subject 1
Subject 2
Subject 4
AVERAGE

70
80
90
80

Correct
Valence
Direction
Detected [%]
71
88
67
75

Valence
Level
Error [%]
38
52
18
36

Future work includes expanding the testing procedures
to include more powerful stimuli, necessary to elicit the
fight-or-flight response, as well as stimuli more related to
robot interaction tasks. A more structured procedure for
obtaining the baseline response is also required, and of
course, a larger group of test subjects recruited. Finally,
the estimator needs to be integrated with the other
components of the user intent estimation module,
including emotion estimation from other modalities, such
as facial expression, as well as estimates of the focus of
user attention. Further results of this work will be made
available at the time of the conference presentation.
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