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Planning of Explanations for Robot Navigation
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Abstract— The choices made by autonomous robots in social
settings bear consequences for humans and their presumptions
of robot behavior. Explanations can serve to alleviate detri-
mental impacts on humans and amplify their comprehension
of robot decisions. We model the process of explanation gener-
ation for robot navigation as an automated planning problem
considering different possible explanation attributes. Our visual
and textual explanations of a robot’s navigation are influenced
by the robot’s personality. Moreover, they account for differ-
ent contextual, environmental, and spatial characteristics. We
present the results of a user study demonstrating that users are
more satisfied with multimodal than unimodal explanations.
Additionally, our findings reveal low user satisfaction with
explanations of a robot with extreme personality traits. In
conclusion, we deliberate on potential future research directions
and the associated constraints. Our work advocates for fostering
socially adept and safe autonomous robot navigation.

I. INTRODUCTION

Offering explanations for robot actions has been shown
to yield favorable effects on both human trust [1] and
comprehension [2]. Moreover, it plays a pivotal role in
nurturing effective human-robot interaction (HRI) [3]. An
explainable robot is also perceived as more socially adept [4].
In alignment with this perspective, the IEEE Guideline for
Ethically Aligned Design [5] advocates for the integration
of accountability, transparency, and justifications in robots’
design and decision-making. In the realm of various robot
behaviors, our focus lies on motion planning in indoor envi-
ronments and on explaining robot navigation to humans [6]—
[9]: Consider an autonomous robot scenario where the task
at hand involves retrieving a book from a library shelf and
navigating through its surroundings while contending with
potential obstacles. Unforeseen events, such as the abrupt
presence of an obstruction in its path (e.g., an unexpected
chair or human), can cause the robot’s planning system to
diverge from its original trajectory or encounter failures (as
depicted in Fig. la). Such behavioral deviations have the
potential to catch individuals interacting with the robot off
guard, leading to a diminished level of confidence in the
robot’s intentions. To address this concern and cultivate a
more secure environment for humans and robots, it becomes
imperative for the robot to furnish explanations for its
actions [10]. Figure 1b presents a multimodal explanation
illustrating the robot’s behavior in the context of the depicted
failure scenario. The essence of multimodality resides in
the simultaneous provision of various types of explanations,
encompassing both visual and textual elements.
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“I cannot continue because the chair and the
human in front of me are blocking my way.”

(a) Navigation scenario

Fig. 1: The autonomous robot (TIAGo by PAL Robotics,
marked by the white-bordered circle in visual explanation in
Fig. 1b) encounters a stoppage trying to follow its original
path (depicted in light grey in Fig. 1b). The motion planner
cannot find an alternative path triggered by the presence of
the chair in front of the robot and the nearby human. The
primary causes (the chair and the human) of this planning
failure are emphasized in the visual explanation (highlighted
in red). Other objects are color-coded with a heat map,
which reflects their distances from the robot. The textual
explanation provides the key reason (in terms of objects)
underlying the robot’s stoppage.

(b) Corresponding explanation

We characterize a robot’s personality by quantifying its
levels of extroversion and introversion [8]. In the context
of extroversion-introversion traits, studies [11], [12] have
revealed that individuals prefer robots with personalities
akin to their own. Robots must possess the capacity to
comprehend both their intrinsic mental attributes and the
surrounding environment. Given that extroversion and in-
troversion represent two sides of the same personality trait
spectrum, we employ the term “extroversion” predominantly
throughout the remainder of this paper. We conceptualize
the process of generating explanations as an Al planning
problem, where explanations are modeled as one of the
possible actions of a robot. We adopt the PDDL2.1 [13] to
model the robot’s decision-making as a deterministic process
within this context. The main contributions of this paper are:

o We formulate the process of explanation generation as
an automated planning problem and render the resulting
multimodal explanations through a visual explanation
layer coupled with a textual interface (Section III);

o We test the impact of visual (unimodal) and visual-
textual (multimodal) explanations on user satisfaction
(Section IV);

o We measure user satisfaction with the explanations of
robots with extreme personality traits (Section IV).
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The structure of this paper is following: In Section II,
we examine prior research. Section III introduces our ex-
planation methodology, emphasizing the incorporation of
environmental context and the robot’s personality into the
explanation generation planning process. Section IV presents
experimental results. Finally, Section V discusses the limita-
tions and broader implications of our research.

II. RELATED WORK

Our research lies at the crossroads of explainable naviga-
tion, the influence of personality on explanations in HRI, and
automated planning. As such, we review relevant literature
encompassing Explainable Autonomous Navigation, The In-
fluence of Personality in HRI, and Explainable Al Planning to
construct a holistic comprehension of the previous research.

a) Explainable Autonomous Navigation: Several ap-
proaches have integrated natural-language explanations.
Noteworthy instances include works by Perera et al. [14] and
Rosenthal et al. [15], which center on elucidating complete
global trajectories through narrative summaries of robot
paths. Gavriilidis et al. [16] employ surrogates to gener-
ate explanations agnostic to autonomous agents’ behavior,
deconstructing behavior into natural-language components.
Furthermore, Das et al. [17] employ natural-language expla-
nations to bolster human support in rectifying navigational
errors. Stein’s research [18] delves into model-informed
natural language explanations, utilizing the algorithms un-
derpinning navigation. Robb et al. [19] explain navigational
planning failures by checking users’ cognitive frameworks
when confronted with explanations of failures of remote
navigational robotic agents. In a related vein, Brandao et
al. [20] contribute a taxonomy for explainable motion plan-
ning, formalizing explanations not only for instances of
planning failures but also encompassing deviations and tra-
jectory preferences. Halilovic and Lindner investigate local
deviations from initial paths, employing visual [6] and visual-
textual [7] explanations. Furthermore, a study of global path
optimality is explored in [21], where authors present to users
an alternative non-optimal global path while comparing it
against the optimal counterpart. Building upon our prior
research efforts [6]-[8], we extend our contributions by
modeling the generation of real-time multimodal explana-
tions of its navigational decisions as an automated planning
formulation. The multimodal approach encompasses both
visual and textual explanations, where timing, representation,
and duration of explanations are dynamically influenced by
the robot’s personality and its perception of the social context
in its immediate environment.

b) The Influence of Personality in HRI: Extroversion, a
potent and finely delineated trait, significantly molds human
peer relationships [22]. It holds substantial relevance in the
HRI as well [23]. Extroverted individuals tend to exhibit
heightened energy levels and an inclination for speaking
more loudly, quickly, and at a higher pitch [23]. This disposi-
tion is often characterized by minimal pauses, employment of
concise sentences, and utilization of simpler vocabulary [24].
Notably, extroverts are prone to initiating conversations more

frequently [25], with an affinity for focusing on personal
topics and self-discussion, as opposed to discussions about
others [26]. Furthermore, their discourse leans toward more
positive language usage [27] and an elevated propensity to
accept intrusion into their personal space, a trait distinct
from introverted individuals [28]. To our knowledge, there
is no previous research on the influence of personality and
specifically extroversion on explanations in HRI.

c) Explainable Al Planning (XAIP): In motion plan-
ning literature, explanations encompass failure instances and
contrastive scenarios. Failure explanations explain the cause
of failure, while contrastive explanations elucidate why a
planner selects trajectory A over an expected trajectory B.
User queries regarding plans typically take a contrasting
form, such as “why A over B?” [29]. Although there
is research on explaining plans, there is no research on
modeling the explanation process as a planning problem to
our knowledge. Brandao et al. [20], [30] present a prelim-
inary taxonomy of explainable motion planning techniques,
encompassing failure and trajectory-contrastive explanations
as most researched explanation approaches. We adopt their
taxonomy and propose modeling the process of explanation
generation in terms of automated plans.

III. EXPLANATIONS OF ROBOT NAVIGATION

Robots should be able to explain their actions even when
they have not made any errors to reduce the probability of
unwarranted criticism towards themselves [31]. Nevertheless,
the research on explainable robotics remains rather lim-
ited [32]. Addressing this, in [8], we introduced “HiXRoN”,
a hierarchical framework (as depicted in Fig. 2) for gener-
ating contextually tailored explanations of robot navigation.
The modularity inherent in the HiXRoN framework facili-
tates adaptable communication interfaces among recipients,
robots, and their environment. Its explanation generation
process is organized hierarchically and sequentially, with
each step enhancing the explanation in distinct dimensions:

o Step 1: HiXRoN’s input encompasses a robot model,
navigation framework, and the environment ontology.

o Step 2: Selecting an explanation target (what to ex-
plain?) involves scoping through context comprehen-
sion and inputs. It forms the explanation core, which is
later refined using temporal and qualitative strategies.

o Step 3: Timing the explanation (when fo explain?) is
pivotal for human communication. The delivery moment
depends on contextual factors.

o Step 4: After proper timing, the chosen explanation
representation (how to explain?) significantly influences
its perception and comprehension.

o Step 5: The fifth step entails the determination of the
explanation’s duration (how long to explain?) based on
the context and the user’s state.

o Step 6: The recipient receives socially and contextually
attuned explanation via an explanation interface.

o Step 7: Users can revisit the whole process, incorporat-
ing additional queries and hyperparameters if desired.

5479



)
Navigation

Context

framework Understanding

Ontology of the
environment

L)

until robot action is
finished; until

What to stepi2
explain?

trajectory deviation, path
optimality, planning failure;
local or global explanation;

~ Al Planning

................................................. When to
explain?

\ 4

every time step; human
detected; human in

How long to

human need is
fulfilled; until human
finishes dialogue;

Iterative
Process

step 7

e

Contextually &
socially aware
explanation

Explanation
interface

step 6

need; human asks for
explanation;

wain?

A

visually; textually;
verbally; motions and
signals; hybrid;

How to
explain?

HiXRoN Framework

Fig. 2: HiXRoN - Hierarchical eXplainable Robot Navigation Framework. We are modeling three hierarchical levels of
explanation generation in HiXRoN (timing, representation, and duration) with automated planning.

In this paper, our primary focus lies in delivering real-
time multimodal explanations while modeling the impact
of the robot’s personality on these explanations through
automated plans. The concept of multimodality is realized
through the utilization of both visual and textual expla-
nations, wherein their combined characteristics collectively
shape the representation of the explanation. We represent a
robot’s personality through its extroversion level. Within our
framework, we model how this personality trait influences
the key explanation aspects: timing (Step 3), representation
(Step 4), and duration (Step 5) (see Fig. 2).

A. Visual explanations

We represent visual explanations through a bird-eye-view
local visual explanation layer that envelops the robot at
each moment during its navigation. Within this layer, ob-
jects, that are potential obstacles in the robot’s vicinity, are
visually annotated based on their proximity to the robot,
effectively forming a localized heat map. We employ a color
scheme inspired by the yellow-green heat map [35] (refer
to Fig. 1b). Objects situated closer to the robot, indicat-
ing a higher likelihood of becoming obstacles, are shaded
closer to yellow, whereas objects farther away lean toward
a green hue. The color red is reserved for instances when
an object transforms into an obstacle, inducing a substantial
alteration in the robot’s navigational behavior, i.e., planning
failure or trajectory deviation. This color scheme aligns with
basic principles of color psychology, where red serves as
a potent indicator of a critical event (failure or deviation in
robot motion planning), while yellow and green, sequentially
increasing in effect, signify a more tranquil and stable state.

B. Textual explanations

In addition to furnishing visual explanations, the robot also
generates corresponding textual explanations. As the robot
navigates, our system continuously tracks the positions of
both the robot and nearby objects, keeping the foundational
ontology updated (see [7], [8]). It facilitates the creation of
spatial and semantic links between objects and the robot. The
textual explanations we provided were made up of brief, clear
statements designed to effectively communicate information
to those receiving the explanations. These statements aimed
to shed light on the robot’s current activities and the nearby
objects, offering clarity on why the robot might have strayed
from its planned path or encountered planning issues (refer
to Fig. 3a). While we developed these textual explanations,
our main focus was on following established guidelines
from existing literature, rather than inventing new textual
explanations approaches.

C. The influence of robot personality on explanations

We translate extroversion properties, outlined in Section II,
into a mental model for a robot’s explanations, one that is
influenced by both its extroversion level and the contextual
presence of people around it. Our representation of the
robot’s extroversion level is graded on a scale ranging
from O to 1, with increments of 0.1, effectively defining
a discretized, stepwise “extroversion probability”. Addition-
ally, the robot maintains an understanding of social space,
adhering to Hall’s theory of social spaces [34] (as depicted in
Fig. 3b). Within this framework, the robot’s social spaces are
categorized into four zones, including the personal and social
zones. Typically, the social zone extends from distances
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of 1.2 to 3.6 meters from the robot. In our model, we
ascertain the presence of humans based on the breach of
the robot’s “explanation representation threshold”, which is
determined as a linear function of the extroversion level:
explanation_representation_threshold = 3.6 — 2.4 X
extroversion_probability. For a robot classified as entirely
extroverted, this threshold amounts to 1.2 meters, whereas
for a completely introverted robot, it stands at 3.6 meters.
Consequently, a totally extroverted robot adjusts its explana-
tion representation when its personal zone is breached, while
a totally introverted robot does so upon breaching its social
zone. This aligns with the observation that extroverts tend
to be more accommodating of intrusions into their personal
space compared to introverts.

Both a robot’s personality and the presence of humans
influence the explanation generation process. Drawing from
the observation that extroverted individuals tend to mini-
mize pauses, the timing, denoting the delay in articulating
an explanation after its formation, is modeled as a linear
function of the robot’s extroversion level. Consequently, a
more extroverted robot exhibits shorter delays or pauses in
its explanations. Given that extroverted individuals speak
more rapidly, this leads to shorter explanations by extroverted
robots, contrasting with the longer explanations typically
provided by introverted counterparts. Both the timing and
duration are computed as descending linear functions of
extroversion probability: timing(duration) = N — N x
extroversion_probability + 1, where N is the maximum
delay whose value is implementation-dependent.

The size of the visual explanation layer corresponds di-
rectly to the dimensions of the explanation representation
zone. It is in line with the notion that more extroverted
robots formulate less detailed explanations, maintaining a
narrower visual explanation layer (narrower explanation
scope). Furthermore, the presence of humans impacts the
explanation representation. Robots tend to adopt a more re-
served approach when their explanation representation zone

e Heading straight.

e The chair_8 has been
moved.

e Obstruction: chair_8.

e Rerouting.

e New route found.

e Right turn between
bookshelf_5 and
bookshelf_6.

(a) Textual explanations (b) Zones of Hall’s social space

Fig. 3: a) Textual explanations consist of carefully crafted,
straightforward statements that provide participants with
information about the robot’s current action, objects in the
vicinity, and the rationale behind any unexpected behavior
it exhibits; b) A robot’s social space is divided into four
zones [33], [34]: intimate, personal, social and public, re-
spectively increasing in the distance from the robot. Each
zone can be divided into two regions: near and far.

Algorithm 1 The influence of robot extroversion and human
presence on explanation representation

if distance_to_human < exp_representation_threshold then
representation: visual

else
representation: visual + textual

end if

is breached, opting to rely solely on visual representation
(see Algorithm 1). A breach is detected if the distance
between the robot and the nearest human falls below the
explanation representation threshold, which is determined by
the extroversion probability.

D. Planning of Explanations

We pose the problem of deciding what, when, how, and
how long to generate an explanation as part of the problem
of a robot’s high-level decision-making system. We use
Al planning formalisms to model the robot’s world and
its capabilities, including explaining. The planning model
describes a transition system consisting of (a) a set of
possible states of the world, S; (b) a set of possible (labeled)
transitions between these states, 7' C S x S; (c¢) an initial
state, sg € S; and (d) a set of goal states, G C S. A plan is a
sequence of transitions (each corresponding to an action) that
leads from the initial state s to some goal state sy € G [36].

We use the Planning Domain Definition Language
(PDDL) [37] to represent the planning problem of our
librarian robot (refer to Fig. 1). PDDL splits the definition
of a planning problem into two parts: the domain file D,
and the problem file P. We model explanation generation
actions within a domain file, among other actions within this
scenario. In the problem file, specific initial and goal values
are initialized to steer the planning process from the current
or given initial state toward the goal or wanted state.

To solve the planning problem, we use the forward search
temporal planner POPF [38]. The current state is taken
as the initial state. While the plan is executing the state
changes are observed. In case of deviations from the plan
such as action failures or external events, the replanning is
performed by taking the current state as the initial state. The
planning approach has been implemented in a system that
integrates HiIXRoN with a task planning framework in Robot
Operating System (ROS), ROSPlan [39], used for generating
and dispatching plans on a robot as well as replanning.

Figure 4 shows two explanation plans of the planning
failures of an introverted and extroverted robot. For both
introverted and extroverted robots the domain file is the
same, while the problem (instance) file determines the robot’s
personality traits. The main personality variable is extrover-
sion probability, which is defined as a real-valued variable
in the domain and initialized by a concrete value in the
problem file. This means that for every robot with different
extroversion levels, a new problem file should be defined.
There is a possibility for a fluctuating value of extroversion
probability, but in this case, the fluctuation strategy should
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0.000: (detect_failure tiago) [1.000] 0.000: (detect_failure tiago) [1.000]

1.000: (detect_human tiago explainee) [1.000] 1.000: (detect_human tiago explainee) [1.000]

2.000: (explain_failure_start tiago explainee) [1.000] 2.000: (explain_failure_start tiago explainee) [1.000]
3.000: (calculate_explanation_timing tiago) [1.000] 3.000: (calculate_explanation_timing tiago) [1.000]

4.000: (pick_visual_textual representation tiago explainee) [1.000] 4.000: (pick_visual_representation tiago explainee) [1.000]
5.000: (calculate_explanation_duration tiago) [1.000] 5.000: (calculate_explanation_duration tiago) [1.000]
6.000: [(wait tiago) [1.000]] 6.000: [(wait tiago) [11.000]|

7.000: [(explain_failure tiago explainee) [1.000]] 17.000: [(explain_failure tiago explainee) [11.000]|

8.000: (explain_failure_ended tiago explainee) [1.000] 28.000: (explain failure_ended tiago explainee) [1.000]

(a) Explanation plan of a totally extroverted robot (b) Explanation plan of a totally introverted robot

Fig. 4: The figures illustrate possible plans for the example failure situation illustrated in Fig. 1. The robot first detects the
failure and a nearby human (explainee) and then starts the explanation generation process. First, it calculates the explanation
timing value, proceeds with choosing an explanation representation, and finishes with calculating the explanation duration
value. Explanation timing is expressed as the duration of the durative action wait, while explanation duration is expressed
as the duration of the durative action explain. Both these values are calculated from a robot extroversion probability value.
The durations of other functions are set to 1.0 for the sake of simplicity. The chosen explanation representation is realized
by low-level actionable code; (a) The robot has an extroversion probability of 1.0. Its explanation representation threshold
is small and it usually produces visual-textual explanations. In this example, its distance to the explainee was bigger than
the threshold. The robot’s timing and duration are both 1 second (N=10; see red-bordered rectangular areas); (b) The robot
has an extroversion probability of 0.0. Its explanation representation threshold is higher and it is expected to more often
produce visual-textual explanations than the extroverted counterpart. In this example, its distance to the explainee was lower

than the threshold. The robot’s timing and duration are both 11 seconds (N=10; see red-bordered rectangular areas).

be defined by an external code. The ROSPlan sensing
interface offers the possibility of continuous sensing and
an update of extroversion probability. However, personality
fluctuation control is a topic for future work. Extroversion
probability directly influences the explanation timing and
duration values, which we express as durations of actions
(see Fig. 4). However, in PDDL, the durations of actions
must be initialized in the domain file, as PDDL does not offer
the action duration calculation during planning time. This
means, that for every problem file, timing and duration values
(and actions’ durations) have to be calculated and manually
coded in problem and domain files. This does not pose a
problem in our setting but could present a challenge for
planning applications with dynamic personality, where ex-
troversion probability is sensed. Explanation representation
threshold is also calculated using the extroversion probability
and it stays the same for one instance, i.e., planning problem.
Distance between the robot and the person interacting with
the robot during explaining (explainee) is calculated from the
robot sensor measurements and sensed by ROSPlan. The if-
then logic for determining explanation representation (see
Algorithm 1) can be expressed as a precondition in ac-
tions for choosing explanation representation. An explanation
instantiation is achieved by the low-level action interfaces
connected to the high-level planner interface.

IV. EVALUATION
A. User Study on Explanation Representation

We conducted a comparative user study to assess the
impact of explanation representation on user explanation
satisfaction. Our study’s design is grounded in the recom-
mendation of Hoffman et al. [40] regarding metrics for
Explanation Satisfaction, which, in this context, quantifies
users’ perceived satisfaction with the explanations of robot

navigation. The study was conducted with 84 volunteers
divided into two groups with 42 persons each. Participants’
ages ranged from 19 to 40 years. The mean age of the
participants was 22.75 (SD = 4.23) years, with 60.71%
identifying as female and 38.10% identifying as male, while
one person identified as other. Participants were randomly al-
located to two distinct groups: the control group (G1), which
was presented with visual explanations, and the experimental
group (G2), which engaged with visual-textual explanations.
A description of the environment and the robot’s task was
provided to all participants. Both groups were tasked with
viewing a video depicting a robot’s navigation journey from
its initial position to a coffee machine in an office setting.
Along this route, the robot encountered obstacles, prompting
deviations from its intended path and eventual halts due
to path planning system failures. The robot was explaining
failure and deviations without the influence of its personality.
We employed the Explanation Satisfaction Scale to assess
participants’ satisfaction with the explanations generated by
the framework. This scale, developed by Hoffman, Klein,
and Mueller [40] and tailored for Explainable Al systems,
follows a 5-point Likert scale format, ranging from “strongly
disagree” to “strongly agree,” correlating linearly to values
between 1.0 and 5.0. Following the Explanation Satisfaction
scale, we used seven Likert scale questions given in Table I.

Quantitative Results and Discussion: The evaluation re-
sults with the Explanation Satisfaction Scale are shown
in Figure 5. The mean of all responses for Group 1 is
4.24 (SD = 0.99), corresponding to the overall attitude
of “somewhat agree” that visual explanations are satisfying.
The mean of all responses for Group 2 is 4.62 (SD =
0.58), corresponding to the overall attitude of ‘“strongly
agree” that visual-textual explanations are satisfying. We
also performed a t-test (t = —5.6, p = 3.28e — 08). We
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Group 1 (Visual Explanations)

Q1

Q2

Q3

Q1

Q2

Q3

Group 2 (Visual-Textual Explanations)

Bl Strongly disagree
Somewhat disagree
Neutral

== Somewhat agree

W Strongly agree

Q6

wl

20% 10% 0% 10% 20% 30% 40% 50% 60% 70% 80% 90%
Percentage of Responses

0%  10%  20%  30%  40% 50%  60% 70% 80%  90%
Percentage of Responses

Fig. 5: We used the Explanation Satisfaction Scale in our study to gather data from both control (Group 1) and experimental
(Group 2) groups. The Likert bar plot illustrates the distribution of users’ attitudes towards received explanations.

Q1 I am able to understand the actions/behavior of the robot with
the given explanation.

Q2 | I am satisfied with the explanation provided.

Q3 | The explanation provides sufficient details of the robot’s actions
and behaviors.

Q4 | The explanation accurately describes the movement and actions
of the robot.

Q5 | The explanation provides reliable information about the robot’s
actions.

Q6 | The explanation describes the robot’s actions efficiently.

Q7 | The explanation describes the robot’s actions and situation com-
pletely.

TABLE I: Explanation Satisfaction Questionnaire

found a statistically significant difference in the explanation
satisfaction between participant groups alluding to the higher
satisfaction of visual-textual (multimodal) compared to only
visual (unimodal) explanations. Although users are generally
somewhat satisfied with visual explanations, the provision of
textual together with visual explanations, adds another level
of detail and natural language expression which increase user
satisfaction. Based on these results, we proceeded to use
visual-textual (multimodal) explanations.

B. User Study on Influence of Extroversion

We also conducted a user study to evaluate the influence of
robot extroversion extremes on user explanation satisfaction.
The study was conducted with 20 volunteers divided into two
groups of 10 persons each. Participants’ ages ranged from
21 to 40 years. The mean age of the participants was 27.45
(SD = 5.47) years, with 60% identifying as male and 40%
identifying as female. Participants were randomly allocated
to two distinct groups: the first group was provided with
visual-textual explanations of an introverted robot, while
the second was presented with visual-textual explanations
of an extroverted robot. All participants received a detailed
description of the environment and the robot’s mission. They
were provided with a video illustrating a robot’s journey
within a library, commencing from its starting point and

culminating at a remote bookshelf. Its task was fetching
a book for an interested reader. Throughout this journey,
the robot encountered obstacles, leading to unplanned route
changes and eventual stops caused by failures in the path
planning system. To assess participants’ satisfaction with the
explanations generated by the framework, we employed the
same explanation satisfaction Likert-based scale we used in
the user study on explanation representation (see Table I).
Quantitative Results and Discussion: We did not find
a significant difference in explanation satisfaction between
the two groups. The mean of all responses for Group 1 is
3.47 (SD = 1.21), while the mean of all responses for
Group 2 is 3.77 (SD = 0.77). Participants were mostly
neutral to somewhat satisfied with the explanations of totally
introverted and extroverted robots. These results correlate
with the fact that the extroversion levels of most people do
not hit extremes, thus they expect similar levels from robots.

V. CONCLUSION AND FUTURE WORK

We have introduced an approach to modeling the explana-
tion generation process through automated plans incorporat-
ing the influence of a robot’s extroversion level and human
presence on explanation timing, representation, and duration.
Our explanations are multimodal providing both visual and
textual insight into the robot’s navigational decision-making.
We have discovered that the use of multimodal (visual-
textual) explanations increases user satisfaction compared
to unimodal (visual) explanations. Furthermore, explanation
plans allow for sequential calculation of the robot explana-
tion strategy influenced by an extroversion level and human
presence. The lower user satisfaction with the explanations
of totally extroverted and introverted robots creates the need
for future work, which will include testing user satisfaction
with explanations of robots with different extroversion levels
and the inclusion of different personality traits into the
robot’s planning of explanations. Future work also includes
research on learning human explanation preferences and
personalization of explanations based on these preferences.
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