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The creation of information transparency solutions to enable humans to understand robot perception is a challenging

requirement for autonomous and artiicially intelligent robots to impact a multitude of domains. By taking advantage of

comprehensive and high-volume data from robot teammates’ advanced perception and reasoning capabilities, humans will be

able to make better decisions, with signiicant impacts from safety to functionality. We present a solution to this challenge

by coupling augmented reality (AR) with an intelligent mobile robot that is autonomously detecting novel changes in an

environment. We show that the human teammate can understand and make decisions based on information shared via AR by

the robot. Sharing of robot-perceived information is enabled by the robot’s online calculation of the human’s relative position,

making the system robust to environments without external instrumentation such as GPS. Our robotic system performs change

detection by comparing current metric sensor readings against a previous reading to identify diferences. We experimentally

explore the design of change detection visualizations and the aggregation of information, the impact of instruction on

communication understanding, the efects of visualization and alignment error, and the relationship between situated 3D

visualization in AR and human movement in the operational environment on shared situational awareness in human-robot

teams. We demonstrate this novel capability and assess the efectiveness of human-robot teaming in crowdsourced data-driven

studies, as well as an in-person study where participants are equipped with a commercial of-the-shelf AR headset and

teamed with a small ground robot which maneuvers through the environment. The mobile robot scans for changes, which are

visualized via AR to the participant. The efectiveness of this communication is evaluated through accuracy and subjective

assessment metrics to provide insight into interpretation and experience.

CCS Concepts: • Computer systems organization → Robotics; • Human-centered computing → Mixed / augmented

reality; • Computing methodologies→ Mobile agents.

Additional Key Words and Phrases: human-robot interaction, augmented reality, mobile robots, change detection

1 INTRODUCTION

Novel applications in robotics require that robots work as capable team members alongside humans [28]. This
requirement imposes rigorous and challenging requirements to the robot technology. For one, the technology itself
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needs to be signiicantly advanced to contribute to the team. This means that the robot-to-human information
exchange either detects and provides relevant information through the robot technology in addition to the
existing human knowledge in the team [22], increases the human situational awareness [44], or prevents the
human from failing to recognize certain important events in their environment as it can happen for example
with change blindness. Change blindness refers to a perceptual phenomenon when human observers fail to
detect substantial changes to the visual details of objects and scenes [61]. A second requirement is that the robot
needs to eiciently and efectively communicate this information to the human agents on the team. Eicient in
this context refers to the timeliness and the speed a piece of information can be relayed to a human, and the
efectiveness refers to how well the information is communicated, if the information is relevant, and how well
and rapidly the human can comprehend the information. If a substantial change occurred in the environment,
a robot-to-human information exchange must take place communicating the change in the environment and
facilitate human decision making which requires representing robot data in ways that support fast and accurate
analyses by humans [67]. For example, if an explosive device was added in a volatile environment the human
should be notiied of this addition even if it is a perceptual small change due to the potentially high consequences.
If an item was removed from a supermarket environment, a notiication of this change could lead the human to
decide to re-order the item. If 50 items were removed and 20 items were added in a robot-patrolled warehouse, it
likely would be helpful to the human to have an appropriate visualization of where the items were removed from
and added to.
While both the robot technology to detect information and the communication between robot and human

are major challenges in itself to be overcome if humans and robots are to form teams [17, 27], an additional
third challenge is imposed by the high volumes of metric-based information that modern robots are becoming
increasingly capable of producing from advanced sensing and perception systems. This poses a challenge to robot
systems in mixed human-robot teams beyond robot capabilities and interaction, as the robot system also needs to
intelligently reason about the relevance of information in order to down-select and prioritize what information to
communicate and how to visualize dynamic and uncertain information to a human. These three challenges, robot
capabilities, interaction, and information communication, highlight the current gaps in robotics and human-robot
teaming research.
Notably in safety-critical domains, but also in other domains that require the inspection of the environment,

robots can use their sensing and perception abilities to identify changes in the environment relative to their
prior experience. This speciic change detection application encapsulates all three of the above challenges. Robot
facilitated change detection also highlights the potentially high quantity of information encoded in environment
changes when compared to a previous point in time, and could be particularly useful for environments that are
not highly structured. For example, the presence of a new object in an environment could indicate a survivor’s
presence or activity in a search and rescue mission. A change (addition) in the environment could also mean
adversarial activity like an improvised explosive device (IED) that a military or humanitarian mission might
encounter, or a bomb in a public place targeted by terrorists. In those critical scenarios, accurate detection
and robot-to-human communication of changes could mean life or death. There are many other high impact
applications in industry that also it this paradigm while being not life-critical but likely occur more often. For
example, inventory management applications such as identiication of out-of-stock, in-stock, misplaced, and
missing or damaged inventory in large-scale supermarkets or warehouses.
Even with the ability to intelligently detect changes, a robot might not understand which of those changes

hold information that is important to humans. For example, a łwet loorž sign in a supermarket is a change to the
environment, and it is important information to some humans (e.g., customers that pass by) but not to others
(e.g., employees that need to determine where shelves were emptied and how much to re-order). The robots that
detect changes might not understand the relevance or the implication of the saliency of these change detections,
whereas a human that understands the mission or the context would interpret those changes appropriately. For
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example, IEDs are often hidden and their new addition to the environment represents a very small visual change,
yet it is a highly critical one. The removal of a family-size cornlakes package is a larger visual change, yet not
critical to the operation of the supermarket. A robot patrolling an environment can be better than humans at
detecting changes as a human might not have memory of or notice a certain change especially when under high
cognitive workload and in complex environments [62], whereas a robot would identify all changes no matter
the scale. However, the importance of the change(s) and resulting actions are likely better to be determined by
the human, and this process is guided by the robot-to-human information exchange. Both, the detection of a
change as well as correctly identifying the meaning of a change, is essential to determine the appropriate action
to follow and will determine the value of a robot in a team.

An integral part of all teams is their communication [13]. Therefore, possessing additional information is not
the only necessity for a robot to make a good team member [79]; efectively communicating this information to
the human team members is also critical. We believe that this capability is best solved via artiicial intelligence
(AI); that is, imbuing the robot with the ability to reason and select the best communication strategies. It has been
shown that the quality of the communication is signiicantly more related to the the team performance than the
frequency of communication [35]. An example of qualitative communication is when team members contribute
unique information during a task (i.e., information elaboration [29]) and when team members contribute special
or hard-to-ind knowledge, expertise, or specialized skills to other team members (i.e., knowledge sharing [16]).
The information low in communication can be unidirectional (i.e. only from the robot to the human or vice
versa) or bidirectional [32]. While there is general agreement that human-robot communication is a crucial
part of efective human-robot teams, the form that communication will take is still undeined. In particular,
recent research has shown that when asked to identify diferent targets in a collaboration with a robot, humans
missed more targets when bidirectionally communicating compared to unidirectional communication where
the robot pushed information to the human [34]. For the purpose of this research, we are avoiding confounding
factors of bidirectional human-robot communication and focus on a unidirectional information low pushed
from the robot to the human. While there is a body of research that suggests that human-robots teams with
natural language perform better [13], other research suggests that the decision of using verbal or non-verbal
communication is highly task dependent [77]. In our work, the robot is identifying changes in a three-dimensional,
natural environment. Utilizing natural language to describe where a change happened would require the robot
to resolve spatial natural language references and parse its natural language utterances into action sequences
that direct the human towards the changes in the environment [78]. Our approach avoids introducing additional
algorithms for spatial reference resolution as well as the additional cognitive load that switching modalities would
require, i.e., communicating a visually perceived change in the environment through natural language. Instead,
we communicate the visually perceived change through a visual highlight projected directly into the human’s
perception of the environment through an AR headset (see Fig. 2). This interface is suicient to communicate the
acquired environment data on changes and disambiguate change information in the operational space [76].
One factor that occurs when humans form teams is that humans are continuously trying to make sense of

other’s behaviors. Similarly, when humans form teams with robots, they will try to make sense of robot behaviors.
For example, people might form expectations towards a robot based on surface-level cues (e.g. robot appearance)
but the robot does not have the capabilities to match those expectations [25]. It also has been shown that people
infer more information than is speciically intended to be communicated, for example when robot actions or
behaviors are interpreted even though not they are not relevant to the task [6]. It is expected that some of the
robot behaviors or the robot communication is interpreted by the human participants in a way that was not
anticipated or intended. For this reason, it is crucial that the robot system is being tested with naive human
participants and that potential misinterpretations of robot behaviors or communications are avoided in future
iterations to build a more efective and eicient system.
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Fig. 1. End-to-end system operational concept. From let to right, top to botom: A robot equipped with a LiDAR sensor

is teamed with a human wearing an AR-HMD; the robot and the AR-HMD both perform SLAM and the robot consumes

the AR-HMD map to calculate the live transformation between their respective maps; the robot maneuvers through the

environment and performs change detection; alignment allows detected changes in the robot’s coordinate system to be

visualized live to the human via the AR-HMD; the human quickly interprets these changes to make a beter-informed decision

in the real world. Importantly, all processing (SLAM, change detection, communication, visualization) are done on-board the

robot and AR-HMD, and this system is readily deployable to new environments as it requires no external instrumentation or

engineering of the environment.

In addition to communication, it has been shown that trust plays a crucial role in teamwork and cooperation
[30]. Similar, trust and especially calibrated trust are crucial factors in human-robot teams [33, 57]. While there
currently are no comprehensive trust models for all robots in mixed human-robot teams, recent research points to
robot characteristics like performance and appearance in a given environment [4, 24]. This research looks at robot
as an interdependent team member as the robot has capabilities that the human does not (i.e. detect a change in
the environment) and therefore increases human performance in the task (i.e. identify the change). This research
did not manipulate the appearance of the robot across the studies, but rather looked at robot performance in
terms of the quality of communicating changes to the human.

This work seeks to address the above challenges of efective communication of useful metric perception data
from a robot to a human teammate to provide enhanced situational understanding of the environment (Fig. 1). The
robotic system used in this work runs a full AI autonomy stack, including navigation, perception (including change
detection and teammate localization), reasoning, and decision making. Given change information from the robot’s
perception system, we seek to improve the robot’s intelligence in deciding how to most efectively communicate
that change information. Our contributions therefore lie between the perception and action selection stages of
traditional AI robotics. While we focus on change detection information speciically, we seek to answer questions
that will ultimately enable a robot to more intelligently make communication decisions in human-robot interaction
applications. First, we present the design of a novel robot-enabled change detection system where the changes in
the environment are automatically detected and communicated to the human that can visualize the information
in AR. To the best of our knowledge, this is the irst system that couples a human wearing an AR-HMD with an
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autonomous mobile robot that possesses Simultaneous Localization and Mapping (SLAM), teammate localization,
and change detection capabilities for improving information low and situational awareness. Second, we evaluate
our proposed system with multiple online and in-person user studies where humans identify what changes the
robot detected. We test several postulates regarding efective communication via AR in this manner to examine
the user performance and experience impacts of immersive visual AR efects, in-person experience, the creation
of aggregated visualizations, instructional explanation of the system, prior exposure to video game systems, and
visualization error on understanding and user experience. This is a major extension of the authors’ prior early
work and is the irst comprehensive evaluation of augmented reality communication and user experience methods’
efect on understanding mobile robot change detection. While we focus our experiments on industry-relevant
representative scenarios, our results generalize to other application domains, particularly those where metric
information such as change in uninstrumented environments is perceived by a robot and communicated to a
human teammate.

1.1 Related Work

1.1.1 Reality-Modification Technologies for Human-Robot Teaming. Perhaps the single most important enabling
capability for successful human-robot teams is efective and eicient communication. Recent advances in aug-
mented reality technology have led to a rising popularity of developing mixed reality (MR), virtual reality (VR),
and augmented reality (AR) communication methods to address this essential capability. It is now well-established
that reality-modiication technologies such as MR, VR, and AR have signiicant advantages as human-robot
interaction-mediation technologies [23, 65] and have recently been used for immersive remote command-and-
control supervision of robot teams [55, 72]. It has been found that in order to make human-robot teaming eicient,
it is vital to establish grounding, situational awareness, a common frame of reference and spatial referencing
and that Augmented Reality (AR), the overlaying of computer graphics onto the real worldview, can provide the
necessary means for a human-robotic system to fulill these requirements [19, 37]. For example, AR can be used
to achieve intuitive and seamless humanśrobot-environment interactions by incorporating the collaborative
robots’ additional capabilities [2]. Recent work has found that the contribution of AR visualizations is so signii-
cant that even when combined with complex language and gestures creating high cognitive load, human-robot
communication is signiicantly improved [69]. AR has recently been used both communicate robot motion intent
in human-robot joint tasks [56] as well as providing sequential waypoints for UAVs’ global path planning [3].
The authors have previously developed and studied AR, VR, and MR technologies used for enabling human-

robot teaming in applications such as cooperative search [51], cooperative teammate-aware exploration [53], robot
tasking and control [21], teaming from the tactical edge to the operations center [14], temporally-coordinated
cooperative human-robot team search [42], and maintaining shared situational awareness with multi-robot
systems [23]. This work builds upon previous eforts to enable human-robot teaming speciically through AR
communication, with a detailed and comprehensive investigation of factors afecting human understanding of AR
visualization of robot change detection information. Speciically, the work in this paper leverages previous eforts
that created a fully autonomous, intelligent robot to navigate an environment with a human teammate and, e.g.,
share information about its search [51] and exploration [53] behaviors. The authors’ prior work documented the
system design of a robot capable of sharing raw change detection information [49] via AR (without a human
study). Additional prior work [50] presented partial results from what is referred to as Study 1 in this paper,
analysis of which is extended herein and placed in the context of a three-part study design.

1.1.2 Autonomous Robot-Based Environmental Change Detection. Novelty or change detection is the process
of comparing current metric sensor readings against a previous reading or prior model to identify diferences,
which indicate change or novelty [45]. In this work the change detection is performed online by an autonomous
robot, and the sensor space is all changes in the robot’s environment; hence we term this environmental change
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detection. The robot’s goal is to identify metric diferences between its prior model and what it is currently sensing
in the physical environment. The focus of this work is then how the robot can most efectively communicate that
information.

There are numerous impactful applications for autonomous robot-based environmental change detection, such
as robust outdoor navigation [63], inspection [36], surveillance [41, 71], and safety and security [64]. Preliminary
work by the authors used autonomous robot-based environmental change detection to show the potential for
human understanding of change detections communicated via AR [21, 52]. This work signiicantly expands
upon these preliminary studies to provide a comprehensive quantitative analysis of communication strategies,
instruction, errors, and human experience across prior and new crowdsourced and in-person human-subjects
experiments. While the studies conducted for this research particularly demonstrate the utility of autonomous
robot-based environmental change detection for the industry 4.0-relevant domain, we observe that the results
generalize to other domains where a robot equipped with a depth sensor such as LiDAR can traverse and scan an
uninstrumented environment.

1.1.3 Data Visualization and HRI. There currently is a large need to represent robot-to-human information
exchange in a way that supports human decision making. However, the interfaces used to facilitate this decision
making do not always follow best-practice principles of data visualization [67]. A full survey of data visualization
used for human-robot-interaction is beyond the scope of this work. Relevant design guidelines from robotics
research can be found in [1, 10, 12, 31, 39, 66, 80, 81] and from visualization research can be found in [5, 7, 40, 54, 60].
We briely review here the research we grounded our visualization in. We decided to use AR glasses as means of
communicating information from the robot to the human. We based our decision on the possible applications of
such a human-robot team where it could be necessary that the human and the robot are spatially separated (e.g.,
exploration of a volatile environment), the human needs tomaintain situational awareness of the environment they
are in (e.g., hostile environment), and the increased ability to communicate uncertain, complex, or ambiguous data
that might not be possible to communicate through a diferent modality (e.g., verbal cues). Bringing together two
novel technologies, AR and robots, in a human-robot team scenario implies that an interdisciplinary evaluation
is necessary to determine the the functionality of the robot system including SLAM and human detection, the
connection to the AR system, the detection of changes, the visualization of changes, and ultimately, the capabilities
of the overall team. AR-based interfaces have been proposed as eicient interfaces to facilitate human-robot
interaction [8, 9, 15, 18, 46, 73]. It however remains challenging to establish AR systems due to environment
complexities, and the diiculties in humanśrobot collaboration [74]. It further remains an open research question
how AR can signiicantly improve situational awareness [38] in human-robot teams and how AR can increase
efective communication and informed decision making in uncertain environments [68]. This research explores
the feasibility of a human-robot team assessing the robot-to-human communication of environment changes
through AR.

2 METHODOLOGY

2.1 Point Cloud Methods for SLAM, Teammate Localization, and Change Detection

2.1.1 SLAM. Our robot performs an onboard SLAM process described in [48]. Briely, the SLAM process utilizes
a reined version [20] of OmniMapper [70]. A pose graph of point cloud measurements taken adjacently in space
is constructed, and loop closures are used to reine the graph. A solution to the robot’s trajectory is computed via
least squares using the GTSAM nonlinear optimization framework [11] based upon square root smoothing and
mapping with point cloud measurements as input. To build a model point cloud representing the environment
(Fig. 1), point clouds along the optimized trajectory are sampled and projected into a common frame of reference.
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2.1.2 Teammate Localization via Frame Alignment. In order to share information like change detection, the robot
must perceive the human’s position and orientation. We achieve this by ensuring the robot and human-worn
AR-HMD share a reference frame. We use the frame alignment process presented in [51] to accomplish this task
online. In this process, the point cloud representation generated by the robot using the SLAM process above
is aligned with a point cloud representation of the AR-HMD’s map (Fig. 1). The AR-HMD’s map is generated
by proprietary stereo vision-based mapping software, which we treat as a black box and directly utilize the
mesh map output representation as input into our alignment algorithm. We translate the AR-HMD’s mesh-based
representation into a point cloud format and then compute the heterogeneous transformation matrix between the
robot and AR-HMD point clouds using the Iterative Closest Point (ICP) algorithm [58]. The human participant
provides an initial coarse estimate via the AR interface that is used for the transformation matrix calculation,
which is then updated as the human and robot’s maps update. This transformation matrix allows us to seamlessly
translate any position in the robot’s coordinate frame into the human’s coordinate frame, and vice-versa.

2.1.3 Change Detection. The change detection process involves the comparison of two models: a prior of the
łcleanž environmental state is compared against a test model of the current state. Both of these models are built by
the robot using the SLAM process described above. The test model is either built completely prior to processing,
or can be incrementally processed online to identify changes on the ly as the robot patrols. Analysis of changes
between the prior and test point cloud model require an approximate reference frame generated by either a coarse
alignment similar to the reference frame alignment above, or physical co-origination of the human and robot
agents. This approximately aligned reference frame is then reined online using generalized ICP [59]. Proper
alignment of the prior and test models allows for change detection to take place. Change detection is implemented
using PCL [58] using diference segmentation routine that builds a KD-tree of the model, reducing the quadratic
search complexity to � log�. This allows us to compare each point in the test cloud with the model cloud to ind
the nearest point. We deine three hyperparameters for this algorithm. If the distance to the nearest point exceeds
a threshold � , that point is copied into a change point cloud for further iltering. In the iltering step, we attempt
to ilter out detections from the change model caused by range error noise in the sensor itself or quantitation
error caused by the mapper. This is accomplished by requiring � supporting detection points within a radius � .
While our approach is capable of detecting changes of addition (objects added to the scene) and deletion

(objects removed from the scene), for this work we choose to focus on changes of addition. We justify this decision
based on 1) clarity, i.e. study participants are most easily able to clearly identify objects present as being changed
(as opposed to objects missing), 2) simplicity, i.e. to support our experimental design, where the participants do
not have prior knowledge of the environment over which they could reason about changes of deletion. We also
note that other types of change exist such as relocation, which requires object tracking to create a correspondence
between a deletion and addition, and modiication, where an object has changed, e.g., in appearance or orientation.
We do not address these perception problems in this work, but examining diferences in communication of these
types of change would certainly be suitable for future work.

2.2 Change Visualization

Even with changes detected and iltered, there still exists a signiicant challenge to be overcome. While presenting
the resulting point-changes directly to a human via AR is possible [48], even in controlled test environments there
could be hundreds to tens of thousands of individual point changes, depending on the scale of the environment
and the resolution of the sensor. This high volume of change information presents a challenge to efective
communication to the user. Therefore, the robot should take steps to aggregate change information before
presentation to the user. This process scales down the number of visualizations that the human may interpret
and interact with to a tractable quantity.
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We perform this aggregation using the Density-Based Spatial Clustering of Applications with Noise (DB-
SCAN) [43] clustering technique applied to the change model. Each resulting non-noise cluster with over a
threshold member quantity is then published as a visualization object by the robot. The threshold value, along
with the � parameter of DBSCAN, which is the maximum distance between two samples for one to be considered
as in the neighborhood of the other, are the primary hyperparmeters for this method. Both are adjusted empirically
and dependent on the environment, sensor resolution, and size of expected change. The AR-HMD consumes
the published message and then creates a corresponding visualization in AR to communicate the change with
the human. Because the individual change points represent the edge of the change facing the robot, we create a
transparent spherical AR visualization centered on then centroid of the change cluster with radius scaled by the
intracluster distance to roughly encompass the region containing the changes.

3 EXPERIMENTS AND RESULTS

We begin with a discussion of hardware and software used in these experiments in Sec. 3.1, and then discuss studies,
corresponding results, and inding-based motivations for the next study. Over the course of our three studies, we
pose 10 postulates to explore and assess the performance of the system and the human’s ability to understand
information curated by the robot. Our postulates are motivated by the vision of deploying intelligent, mobile
robots that efectively communicate salient information to humans for situational awareness with minimal user
training or technical overhead. We pursue these postulates because they serve to develop a deeper understanding
of the role and characteristics of AR visualization for conveying robot change detection to humans as it relates to
situational awareness. Given the prominence of robotics in industrial settings and, to the best of our knowledge,
that no such AR-based human-robot teaming technology has been deployed to date, we believe that studies of
relevant systems, such as the one presented in this work, are warranted.
In Sec. 3.2, we discuss the irst two video-based studies focused on determining interpretability of change

detection information. Study 1 is an initial evaluation of our system that focuses on the intuitiveness of the
visualizations. Study 2 collects additional data and adds simple prior instructions to attempt to improve per-
formance and dynamic perspective to better understand how a more immersive quality afects the human’s
comprehension. Study 3 (Sec. 3.3) incorporates the lessons learned from Studies 1 and 2 and evaluates the
AR-HMD and robot during an in-person study to explore the impact of a fully-immersive, live system. Across all
three studies we collected survey data from the participants to determine the impact of prior experience in the
vein of real-world applicability. We enumerate and present indings with respect to unique postulates, P� , since
some research questions span multiple studies. An overview of all 10 postulates collectively posed in this work,
and the corresponding study in which they were investigated, is shown in Table 1.

3.1 Hardware and Sotware

Because our change detection algorithm is SLAM and pointcloud-based, it can be run on any robot that has a
LiDAR or color-depth sensor, an IMU sensor, and suicient computing resources onboard. For these experiments,
we used a Clearpath Robotics Jackal mobile ground robot equipped with a Velodyne VLP-16 LiDAR, MicroStrain
3DM-GX4-25 IMU, and Intel Core i5 CPU (Fig. 2a). The robot is capable of movement at speeds up to 2�/� and
for these experiments was teleoperated by the experimenters around the environment to build the initial prior
and test models. Change detection was performed online by the robot and visualization was communicated
via Wi-Fi to a human wearing an AR-HMD. For the irst two studies in Secs. 3.2.1 and 3.2.3, a irst-generation
Microsoft Hololens was used as the AR-HMD (Fig. 2b). For the third study (Sec. 3.3), a Microsoft Hololens 2 was
used (Fig. 2c). All software for these experiments is a combination of custom-developed software written in C++,
C#, and Python (e.g., for SLAM, change detection and teammate localization via frame alignment, as described in
Sec. 2) and builds upon the Robot Operating System (ROS) middleware [47].
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Table 1. Overview of postulates explored in our three studies. Support findings discussed in Sec. 4.

Postulate

P� Overview Impact of Study 1 Study 2 Study 3 Support

P1 Changes are interpretable without instruction Instruction �����11 �����21 Y
P2 Clusters decrease participant’s accuracy Display type �����12 �����22 N
P3 Original and mirrored videos are equivalent Video �����13 �����23 Y
P4 Accuracy increases by adding instructions Instruction �����24 Y
P5 Accuracy increases with dynamic perspective Immersion �����25 Y
P6 System correctly displays ≥ 90% of changes Live system �����31 N
P7 Participant’s error decreases in-person Live system �����32 Y
P8 Ambiguities reduce understanding Live system �����33 N
P9 Fewer ambiguities correlate to better experiences Live system �����34 Y
P10 Gaming exposure does not impact performance Experience �����14 �����26 �����35 Y

(a) (b) (c)

Fig. 2. Experimental hardware used: (a) A Clearpath Robotics Jackal; (b) Microsot Hololens; (c) Microsot Hololens 2.

3.2 Interpretability of Change Detection via Video Capture Studies

In order to evaluate the interpretability of change detection information as well as the aggregation of change
detection information, we conducted two studies. Because of restrictions for in-person experiments imposed
by the COVID-19 pandemic, video-based studies using crowdsourced participants were performed. While this
imposed limitations on the user experience (discussed in Sec. 4.1), it also allowed us to test a variety of postulate in
support of the objectives over a large study base. The studies’ objectives were generally directed at understanding
how participants interpret the information presented to allow for further testing and reining of visualization
methods prior to an in-person study.

Experiments took place in an indoor laboratory setting approximately 200�2 in size. For these initial studies,
a less-cluttered environment was tested before moving to a more challenging environment in the in-person
experiments. In each experiment, one to three cardboard boxes of identical size (∼0.5�) were used as change
objects. In each experimental trial, the change relative to the prior setting was that either none, one, or two boxes

ACM Trans. Hum.-Robot Interact.



10 • Reardon, et al.

were added to the room to predetermined positions. Boxes were located evenly spaced in a line perpendicular
to the starting position and orientation of the participant. Distractor objects in the room such as cabinets and
doors were included in the survey. While these distractor objects were further outside the ield of attention of
the participants than the boxes, they did elicit false positives (see Sec. 3.2.2), and signiicantly more distracting
distractors were incorporated into Study 3 (Sec. 3.3). No changes occurred outside of the experimentally induced
changes.

In both video-based studies, the robot performed change detection and visualization online. Live videos were
recorded of communicated change visualizations in real time onboard the AR-HMD using the device’s built-in
video capture capability. While not the full AR experience, because these videos were taken online from the
perspective of a user wearing the AR-HMD, this allows us to evaluate the AR visualizations’ interpretability. These
videos were ultimately presented to the participants online and their interpretations of the change detections
were recorded.

As described in Sec. 2.1.3, an experiment consists of two phases. First, the robot explores the environment
traversing a pre-computed path for the irst time and builds a prior model. In this initial phase, one, two, or
three boxes are already present in the environment. In between the irst and second phases, the experimenters
make one, two, or no box additions to the environment. Then, in the second phase, the robot again surveys the
environment and builds a test model. Per our change detection process, corresponding points between the prior
and test models with distances over a threshold value were treated as changes by the robot, iltered to reduce
noise as described in Sec. 2.1.3. Changes were then communicated to the human via the AR-HMD (Sec. 2.2). As
noted in Sec. 2.1.3 it is possible to either compile a complete model and then detect changes, or to run the change
detection online and display changes detected incrementally, on the ly. In our case, the robot performed the latter,
and video was recorded of the AR-HMD displaying changes as they were detected and communicated by the
robot. For the hyperparameters described in Sec. 2.1.3 we have empirically found via real-world experimentation
using diferent LiDAR sensors with varying ields of view that � = 0.1�, � = 10 and � = 0.3� work well for the
online, incremental communication strategy [48].

3.2.1 Study 1: Aggregation of Change Information. To address the challenge of presenting large volumes of
change data to the human teammate in an understandable and interetable way, the irst study focused on a
comparison of visualizations of aggregation of change data against raw change data visualizations. Using the
methods in Sec. 2.2, three categories of visualizations were created for this study: 1) individual point-change
łrawž data, illustrated by red spheres of a small, ixed size (0.1� in our experiment, empirically tuned based
on the average inter-change distance given the sensor resolution and expected robot distance from changes),
2) visualization objects represented clustered individual point-changes, and 3) both individual and clustered
visualizations combined. Examples of these visualization methods are shown in Figs. 3aś3c. We note that for
1) the quantity of visualization objects is equal to the quantity of points in the iltered change model; for 2) the
quantity of objects is substantially less; for 3) the quantity of objects is the sum of 1) and 2). Videos for each of
these three categories, for all combinations of box locations, with zero (baseline), one, and two boxes changed
were generated, resulting in 19 videos total: 1 (no change) + 32 (one change) + 32 (two changes). Of the 19 videos,
six were generated from their łmirror-imagež videos, e.g., a change of the left-most object was mirrored to create
a video with a change of the right-most. These were included as a control, as any diference between them and
the non-mirrored versions might indicate a design error or crowdsourced population issue. Videos used in this
study were taken from a ixed perspective; dynamic perspective was investigated in Study 2 (Sec. 3.2.3).
The study was determined as exempt by the Institutional Review Board (IRB) of the University of Denver.

Participants received monetary compensation for their time. Participants (� = 21) were recruited online and
shown the 19 videos, one at a time. Videos contained 0, 1, or 2 true positive changes. Each of the video with
changes showed each of the three visualization categories (32 with one change + 32 with two changes). Videos
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were shown in randomized order to counter potential learning efects introduced by order. Because the videos
were collected from a real-world system, occasional uncorrected false positives and infrequent small errors in the
placement of the visualization objects were present. A representative example of these small visualization errors
is shown in Fig. 3d, where a slight misalignment between the robot and the AR-HMD causes the visualization
markers to be displaced to the left of the changed object. As the goal of Study 1 is to evaluate the current
version of the change detection visualization, those errors remained in the videos. The degree of alignment error
is consistent with what is shown in Fig. 3d and occurs in less than 10% of the videos. Two participants were
excluded: one for failing to complete the survey on-time, and the second for declining to participate, leaving
� = 19 participants (���� = 36.1, ����� = 7.7, 12 Male, 7 Female).

(a) (b)

(c) (d)

Fig. 3. Examples of the visualization categories: (a) individual point changes; (b) clustered changes; (c) both points and

clustered changes; (d) and representative visualization error, in this case where visualizations are ofset slightly to the let

relative to the viewer’s perspective.
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For Study 1, we postulated that:

�����11 : Changes will be interpretable without instruction.

�����12 : Participant’s accuracy in recognizing change will decrease when visualizing clustered

data relative to visualizing discrete point data.

�����13 : There will be no signiicant diference in participant’s accuracy to recognize change when

they view original or mirrored videos.

�����14 : Prior exposure to video games will not impact performance

3.2.2 Results Study 1. In Study 1 the participants were shown a series of videos, each containing zero, one, or
two changes. After viewing a video, the participant was asked to indicate their level of conidence as to whether
a particular object changed by selecting from four options: deinitely changed, probably changed, probably did
not change, and deinitely did not change. In addition to the three possible objects that could have changed in
any given video, the participants were also asked about ive additional objects within the ield of view. These ive
objects never changed in any video and were included to measure the participant’s attention and understanding
of each scene. We computed confusion matrices using the participant’s responses, as shown in Figure 4, where a
true positive corresponds to the sum of participants that stated an object deinitely or probably changed when
it had, a false positive corresponds to the number of participants that stated an object deinitely or probably
changed when there was no change, a false negative corresponds to the number of participants that thought an
object deinitely or probably did not change when there was a change, and a true negative corresponds to the
sum of participants that stated an object deinitely or probably hadn’t changed when there was no change.

We are primarily focused on the efect of aggregation of change information in Study 1. As such, we computed
confusion matrices, accuracy, and error rate based on the control variable of visualization marker type. We use
accuracy as a measure for how well participants correctly identify change detections and calculate this metric as
the sum of true positives and true negatives divided by the total number of responses. Similarly, we use error rate
(sometimes referred to as misclassiication rate) as a metric for how many participant responses are incorrect,
which is calculated as the sum of false positives and false negatives divided by the total number of responses.
From Figures 4aś4c, we see the cluster, points, and both marker types led to a participant accuracy of 0.965, 0.839,
and 0.802, respectively. We also consider the efect of showing participants mirrored versions of the original
videos. Figures 4d and 4e show that the participants scored an accuracy of 0.863 and 0.859 for the original and
mirrored videos, respectively.

3.2.3 Study 2: Situated Dynamic Perspective and Instruction. Where the irst study utilized a ixed visualization
perspective and examined the interpretability of visualizations without prior instruction, the second study added
additional conditions. Speciically, the efects of the following were examined by the second study: 1) dynamic
perspective caused by moving viewpoint on the interpretability of the change visualizations (Figs. 5 and 6), and 2)
instructional information regarding the meaning of visualizations provided to the participant prior to the study
(Figs. 7 and 8). The motivation for 1) was to incorporate the sort of realistic, immersive perspective change that
would be experienced by a participant in an actual live user experience that was not present in the irst video
study. The purpose of 2) was to evaluate if a short instruction video elicited a diference in participant accuracy.
For example it was noted in the irst study that in the absence of any instructions participants ascribed their
own meanings and interpretations to the color and size of visualizations, when in reality the colors distinguished
between point (red) of ixed-size and aggregated (blue) change detections of size proportional to the intracluster
distance (discussed further in Sec. 4).
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(a) Cluster markers (b) Point markers (c) Both markers

(d) Original video (e) Mirrored video

Control Error

Variable Accuracy Rate

Cluster 0.965 0.035
Points 0.839 0.161
Both 0.802 0.198

Original 0.863 0.137
Mirror 0.859 0.141

(f) Statistics

Fig. 4. Results from Study 1. (a)ś(c) confusion matrices for diferent visualization markers; (d) and (e) confusion matrices

for video type; (f) accuracy and error rates.

To represent 1) above, two sets of videos were taken from dynamic perspectives, i.e. with the user in motion.
The motion patterns demonstrated were panning and left-right traversal, keeping the objects in the center of
the ield of view (a motion similar to side-to-side łstraingž in modern irst-person video games), as shown in
Figs. 5 and 6, respectively. One video set for each perspective change motions were collected, with corresponding
videos for each of the 19 conditions from Study 1 (Sec. 3.2.1) where 0, 1, or 2 boxes were changed, for a total
of 2 ∗ 19 = 38 videos, which included 12 mirrored videos (six for each motion pattern) created as described in
Sec. 3.2.1. For 2), four new videos were recorded. One instructional video, shown in Figs. 7 and 8, was created as
well as demonstration videos for each of the three visualization types (point, cluster, both) using a ∼0.7� tall
cabinet of similar size and shape to the boxes in the experiment videos as a demonstration object (see Figs. 8aś8e).
The experimental design for Study 2 showed all 38 videos to each of the participants (within condition) with one
group of participants having video instructions vs. no instructions (between conditions).

The study was determined as exempt by the IRB of the University of Denver. Participants received monetary
compensation for their time. Participants (� = 120) were recruited online and each of the four conditions
(no instruction vs. instructions × regular vs. mirrored video) had (� = 30) participants assigned in a between
experimental design. Each participant was shown the 38 videos, one at a time, as in Sec. 3.2.1, and the same
question format was used to allow for a direct comparison of efects. No participants were excluded from the
study (���� = 42.9, ����� = 9.7, 55 Male, 65 Female).
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(a) Pan-let (external view) (b) Pan-right (external view)

(c) Pan-let (internal view) (d) Pan-right (internal view)

Fig. 5. Examples of the dynamic motion paterns used in the Study 2 videos. (a) and (b) show the external and (c) and (d)

show the corresponding first-person internal views of the pan movement, where the perspective is dynamically varied by the

user rotating her head from let to right.

For Study 2, we postulated that:

�����21 : Changes will be interpretable without instruction.

�����22 : Participant’s accuracy in recognizing change will decrease when visualizing clustered

data relative to visualizing discrete point data.

�����23 : There will be no signiicant diference in participant’s accuracy to recognize change when

they view original or mirrored videos.

�����24 : Participant’s accuracy in recognizing change will increase when participants are

provided with instructions.

�����25 : Participant’s accuracy in recognizing change will increase when crowdsourced videos

include dynamic viewing angles, compared to videos with stationary viewpoints.

�����26 : Prior exposure to video games will not impact performance.
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(a) Traverse-let (external view) (b) Traverse-right (external view)

(c) Traverse-let (internal view) (d) Traverse-right (internal view)

Fig. 6. Examples of the dynamic motion paterns used in the Study 2 videos. (a) and (b) show the external and (c) and (d)

show the corresponding first-person internal views of the traversal movement, where the perspective is dynamically varied

by the user walking to the let and right extremes of the environment while keeping the room centered on her field-of-view.

3.2.4 Results Study 2. Study 2 placed emphasis on the aspects of situated dynamic perspective as well as the role
of instruction in human understandability of robot-based changed detection. Similar to Study 1, participants were
shown short videos with zero, one, or two changes ś this time the viewpoint included pan or left-to-right traversal
movement ś and then they were asked to provide their conidence in the presence of change for the eight possible
objects. Confusion matrices comparable to Study 1 are shown in Figures 9aś9c, which highlight the participants’
understanding of the videos controlled for when they saw changes indicated by clusters, discrete points, or both
marker types. Here, participants achieved an accuracy of 0.934, 0.910, 0.933, respectively. Confusion matrices for
the original and mirrored videos in Study 2 were also calculated and shown to have accuracy scores of 0.925 and
0.924, respectively.

In terms of the inclusion of dynamic movement in the change detection videos shown to participants, confusion
matrices for the pan and left-right traversal videos are presented in Figures 10b and 10c. While the stationary
videos from Study 1 led to a participant accuracy of 0.868, the addition of pan and strafe movement in the group
of Study 2 participants who did not receive video instruction increased accuracy to 0.921, and 0.933, respectively.
Lastly, confusion matrices showing the resulting responses for participants that received instructions, compared
to those participants that received no instructions in Study 2, are provided in Figures 10d and 10e. Under these
conditions, the participants’ accuracy was measured to be 0.951 and 0.898, respectively.
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(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

Fig. 7. Screen captures from the segments 1-12 of the instructional video for Study 2.

3.3 Study 3: In-Person Inventory Management User Study

The third and inal study incorporated the lessons learned from the prior two online studies, especially the
aggregation of data, the use of instruction, and perspective change. The motivation for this study was to evaluate
the system in a realistic, in-person experiment with a signiicant number of participants in order to 1) demonstrate
the viability of the approach, 2) evaluate the impact of error in visualization placement on interpretability with
in-person user experience, 3) examine the user experience.

The scenario for this experiment was designed to replicate warehouse workers searching for missing/changed
inventory around a storage warehouse environment. The environment was set up using 3 walls of 2.5� high
shelves in a U-shape, with each shelf holding boxes of varying sizes. Each box was labeled with a unique number
for unambiguous identiication, as shown in Fig. 11a.
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(a) (b)

(c) (d)

(e) (f)

Fig. 8. Screen captures from segments 13-18 of the instructional video for Study 2.

The general outline of a study session is as follows. When a participant arrives for the study, the experimenters
provide the written consent form and an oral overview of the experiment. The experiment begins with a participant
entering the simulated łwarehousež environment with the AR-HMD on. Participants are asked to start on a mark
in the middle of the environment, and are told they can walk anywhere within a space indicated by taped lines
on the loor. This region was created to ensure the participants maintained enough distance from the shelves so
that they could see the visualizations. A photograph of the environment with a person and robot observing the
shelves is shown in Fig. 11b.

The experimenters then navigate the robot into the environment. While the change detection and visualization
system is individually stable, as noted in Sec. 3.2.1, small errors in visualization do occur. Therefore, to ensure
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(a) Cluster markers (b) Point markers (c) Both markers

(d) Original video (e) Mirrored video

Control Error

Variable Accuracy Rate

Cluster 0.934 0.066
Points 0.910 0.090
Both 0.933 0.067

Original 0.925 0.075
Mirror 0.924 0.076

(f) Statistics

Fig. 9. Results from Study 2. (a)ś(c) confusion matrices for diferent visualization markers; (d) and (e) confusion matrices

for video type; (f) accuracy and error rates..

a uniform user experience, instead of detecting changes live, the robot plays back a set of change detections
recorded during a prior live change detection by the robot. These detections relect the actual changes in the
room in the robot’s perception coordinate frame and have been saved in a ROS .bag ile. During the experiment,
the robot performs online frame alignment to perceive the human’s pose relative to its own (see Sec. 2.1.2). Using
this alignment, the robot is able to project visualizations of the detected changes into the correct locations in the
AR-HMD. Thus, the only portion of this experiment that was not fully live was the use of live-recorded data of the
exact same environment coniguration. As the robot completes its patrol, it communicates the changes detected
via AR through the AR-HMD, as illustrated in Fig. 11c. The participants then proceed to identify changes to the
experimenters by verbalizing the numbers of the boxes that have changed. Once the participant believes they
have seen all the visualized changes, they inform the experimenters. This process repeated for four additional
change scenarios with between one and three diferent boxes changed in each, for a total of ive scenarios. For
control, the same irst scenario is played for each participant. Then, the subsequent four change scenarios are
played in a diferent, non-repeating order. During the study, the Hololens 2 AR-HMD also records video from its
forward-facing camera for later analysis.
The study was determined as exempt by the IRB of the University of Denver. Participants (� = 22) were

recruited through an e-mail newsletter at the University of Denver. Participants volunteered their time and did
not receive compensation. Participants spent on average ∼15 minutes in the lab where the study took place.
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(a) Stationary (b) Pan movement (c) Traversal movement

(d) Instructions (e) No instructions

Control Error

Variable Accuracy Rate

Stationary 0.868 0.132
Pan 0.921 0.079
Strafe 0.933 0.067

Instr. 0.951 0.049
No Instr. 0.898 0.102

(f) Statistics

Fig. 10. Aggregate results from Study 1 and 2. (a) confusion matrix for the stationary viewpoint from Study 1; (b) and (c)

confusion matrices for the dynamic perspectives from Study 2; (d) and (e) confusion matrices for instructions; (f) accuracy

and error rates.

After completing the steps described above, participants were asked to ill in a brief survey. No participants were
excluded from the study (���� = 25.0, ����� = 9.1, 12 Male, 10 Female).

For Study 3, we postulated that:

�����31 : Our system can correctly identify and display detected changes with a live human for

at least 90% of actual changes.

�����32 : Participant’s error rates will decrease for in-person tests, compared to the

crowdsourced videos.

�����33 : Ambiguities in visualization will reduce understanding of change detection.

�����34 : Users that experience fewer ambiguities will indicate a more favorable user experience

�����35 : Prior exposure to video games will not impact performance.

3.4 Results Study 3

The 22 participants in Study 3 saw three diferent types of scenarios, which included one change, two changes,
or three changes, and the participants did not know how many changes were present at any given time. Each
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(a)

(b) (c)

Fig. 11. In-person user study examples (Study 3 - Sec. 3.3). (a) panoramic view of the experimental environment; (b) user

study experience; (c) change visualization shown via AR to participant.

participant saw a total of ive scenarios (two scenarios with one change, two scenarios with two changes, and
one scenario with three changes) for a total of nine changes during their trial. In aggregate, our study evaluated
human understanding over 110 scenarios with a total of 198 changes.
For the purposes of analyzing system performance and human understandability, we deine three important

concepts present in this study. Display error corresponds to when our system erroneously shows a marker on a
box to indicate a change that does not correspond to the ground truth, i.e., a system-introduced false positive.
Display errors encompass both true false positives (no change occurred), as well as errors that occur due to
imperfect frame alignment between the robot and AR-HMD as well as inevitable noise in the robot’s SLAM
subsystem. A display error is therefore an error that is introduced by the system and not the human. Response
error corresponds to when a participant selects the incorrect box or misses one or several boxes that are correctly
highlighted as a change by the system when asked what has changed, i.e., a participant-introduced false positive.
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A response error is therefore an error that is introduced by the human and not the system. Importantly, the
participants did not know if they were experiencing any display error because they received no feedback with
respect to the ground truth. Therefore, participants might be unaware of either their own error or display errors
when they were asked to assess the usability of the system (see 4 for discussion). An additional type of error was
when our system did not show a marker exactly on a single box, but rather of-center; in this case the participant
experienced ambiguity. We note that this type of ambiguity error results from a combination of small system
error and the environmental complexity. Because change visualizations are produced by the robot and overlaid
on the participant’s view in the AR-HMD, it is diicult to evaluate absolute error relative to the ground truth
location of the boxes. Therefore, to determine if a participant experienced ambiguity error, we manually reviewed
the irst-person video recording from the AR-HMD across all tests and visually inspected the location of the
change detection marker with respect to the box. We marked the presence of ambiguity error if the center of
the change visualization appeared on the outer edge of the box, which would correspond to at least ∼0.25m
error relative to the ∼0.5m box. Note, this error could be much larger, including the occasional ambiguity error
corresponding to visualization markers shown in-between two diferent boxes. We measured the user experience
along six questions, three investigating the ease of use (i.e. if the system enabled them to see the changes) and
three investigating the diiculties (i.e. if the system was challenging to interpret). The answers were given for the
overall study after the task, and not for individual scenarios. A rating scale from one to ive shows how strongly
participants agree. Results consistently showed a high ease of use (� = 4.62, �� = 0.53) and a low diiculty
(� = 1.3, �� = 0.52). Out of the � = 22 participants, four felt strong enough to add additional comments to their
experience mentioning ambiguity for some (bit never all) scenarios. Our post-experiment video check revealed
that all four participants experienced ambiguity where the visualization was of-center.
Post-experimental analysis of the irst-person AR-HMD video recordings showed that, of the 110 scenarios,

85 were shown precisely (i.e., no display error and no ambiguity), 12 were shown with display error only, 10
were shown with ambiguity only, and three were shown with both display error and ambiguity. Eight of the
10 scenarios with only ambiguity consisted of one ambiguous visualization while the remaining two scenarios
exhibited two ambiguous visualizations. 11 participants completed the study without experiencing any ambiguity,
nine participants experienced one scenario with ambiguous visualization, and two participants experienced two
scenarios with ambiguous visualization.

3.5 Results Game Exposure

For each Study 1, 2, and 3 we asked participants to indicate how often they play video games, including generally
playing and speciically playing action, strategy, and puzzle games. Options for measuring frequency of playtime
ranged from never, rarely (measured as 1-4 times a month), sometimes (measured as 2-3 times a week), often
(measured as 4-6 times a week) and daily. The purpose of this pre-study questionnaire was to gauge the amount
of video game exposure, exposure to new technologies, and experience with egocentric vision the populations
in our studies have as this might inluence how they perceive spatial presence and act in the environment [26].
The reported video game frequency for participants for all three studies can be seen in Figure 12. In Study 1,
the majority of participants reported rarely playing strategy or puzzle games, sometimes playing action games,
and oftentimes playing general games and in Study 2 more people indicated they łneverž play video games,
however this study had a much lager number of participants (� = 19 in Study 1 vs. � = 120 in Study 2). Most of
the participants in Study 1 and 2 had some regular exposure to games, and both studies were conducted online.
Study 3 was an in-person study that recruited from the University of Denver’s student population. We found
that participants’ experience was somewhat balanced between a low and no regular exposure to games. In our
evaluation, we found no signiicant diferences in video game exposure and performance the task across all three
studies.
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(a) Study 1 participants (b) Study 2 participants

(c) Study 3 participants

Fig. 12. Video game exposure reported by participants.
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4 DISCUSSION

In this section we provide analysis of the three studies and discuss trends with respect to our ten postulates that
are summarized in Tab. 1, which also includes an indication of whether our indings support each postulate in the
inal column. First, we briely summarize our key take-away observations. Regarding the impact of instruction,
instruction was not strictly necessary for successful understanding of the visualization communications (P1);
however, addition of instruction increased accuracy (P4). For the impact of the selection of display type (cluster
aggregation or raw point visualizations, aggregation of data into cluster visualizations did not decrease accuracy
(P2) and may indeed increase accuracy. Regarding the use of mirrored videos, original and mirrored videos
yielded equivalent accuracy (P3). For the impact of a more immersive dynamic perspective in video, this appears
to have increased accuracy (P5). Regarding the impact of the live, in-person experience, we were unable to
achieve the 90% accuracy threshold (84.8% was achieved) (P6); but, we did see a decrease in error in the in-person
experiment (P7). Additionally for the in-person experiment, ambiguity errors decreased accuracy as one might
expect (P8), and fewer such errors appeared to contribute more positively towards user experience (P9). Finally,
gaming exposure did not appear to have any impact on performance, which is positive for the usability of the
system (P10). A full, detailed discussion follows.
With P1, we postulated that our system provided robot-based change detections in a way that was intuitive

for humans such that they would not require instructions to understand what the robot was indicating. The
participants in Study 1 collectively achieved an accuracy of 0.868 when identifying changes using the stationary
videos, none of which included instructions on the system display. We further investigated this in Study 2 by
intentionally not providing a subset of the participants with instructions and this group achieved an accuracy of
0.898. From the results of these two studies, we conclude that instructions are not strictly necessary for a layman
to successfully use our system to efectively understand robot-based change detection visualizations.

Our second postulate, P2, explored the impact of display type (i.e. cluster vs. points vs. a combination of both)
and posited that the cluster marker type would lead to a decrease in understanding a change, as measured by the
participant’s accuracy. The results of Study 1 and 2 do not support this postulate and reveal that participants
actually performed the best when changes were visualized as cluster markers compared to discrete point data or
both visualization types combined. More speciically, the participants’ accuracy in Study 1 was 0.965 for changes
indicated by cluster markers whereas accuracy decreased to 0.839 for points and to 0.802 both visualization types.
In Study 2, change detection accuracy conveyed by clusters, points, and both was measured to be 0.934, 0.910,
and 0.933, respectively . We therefore were able to reject P2 and this motivated using the cluster visualization for
in-person experimentation in Study 3.
To ensure that our study fairly constructed supplemental videos to assess human understanding of change

detection, we explored the impact of showing participant’s mirrored versions of original videos. As postulated
by P3, there was no signiicant diference in the participant’s accuracy when viewing original or mirrored
videos. In Study 1 the participants’ accuracy was measured to be 0.863 and 0.859 in original and mirrored videos,
respectively, and in Study 2 the diference was even smaller (0.925 and 0.924). From these results, we deduce
that mirrored videos can be fairly included in our analysis as these videos did not accidentally introduce bias or
misunderstanding that is not attributable to our system.

While our results from Study 1 and 2 suggest that participants can understand our robot-based change detection
without requiring instructions, we postulated that accuracy would increase when participants are provided with
instructions. We found that the participants in Study 2 that were explicitly given instructions regarding the
system visualization reported an accuracy of 0.951, which is notably higher than the participants that received
no instructions (0.898). The instructions explained some of the variations in the visualizations and provided one
example with the goal to provide one training example and to reduce misinterpretations (Figs. 7 and 8). In fact,
the participants from Study 1 provided comments in their exit survey to indicate that they assigned meaning
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to the visualizations in the absence of instruction. One participant stated, łRed shows slightly, or potential of
change, a larger red and or small blue means probably, and a big blue means deinitely" while a second participant
thought, łthe robot marked objects that it thought deinitely changed with red circles...the purple circles indicated
objects that might have potentially changed." Unbeknownst to the participants that received no instructions, the
meaning of the colors was not germane to the users’ understanding (red were individual changes detected in the
point cloud; blue were aggregated clusters of change points; there were no purple visualizations) and the robot
was not communicating any notion of certainty nor were participants given any notion that this might be the
case. This shows how much humans are trying to cognitively understand and make sense of the information
given to them. Participants over-interpreted the meaning of the visualization and added meaning where these
was none. While this tendency did not lead to a breakdown of understanding (e.g., misidentifying changes), a
situation where humans are under high cognitive workload or time constraints, this additional cognitive efort
could lead to errors. It is therefore advisable to be very cognizant of the visualization and how, if any, training is
provided.
In the same vein of adding instructions to improve human understanding, we postulated with P5 that the

participant’s accuracy will increase when videos include dynamic viewing angles, compared to videos with
stationary viewing angles. Study 1 only included videos with stationary viewpoints and the population’s collective
accuracy was 0.868. Accuracy improved to 0.921 when videos included a panning motion (Fig. 5), and improved
further to .933 with a left-right translation (Fig. 6). We believe that the dynamic viewing angle provides additional
spatial information and a more immersive experience. The the increase in change detection accuracy seems to
support the notion that a dynamic view allows the human to more accurately understand where the visualization
marker is in 3D space with respect to the physical environment.

Study 3 was the irst of our studies to assess human understanding of robot-based change detection using a live
and in-person system. As a result, we formulated four postulates to glean the performance of our human-robot
system. Of all 198 total changes in Study 3, 168 were shown correctly with respect to the ground truth; this
0.848 accuracy does not support postulate P6, namely that ≥ 90% would be correctly identiied by the robot
system. Of the remaining 30 changes, 14 changes were shown with display error, and 16 changes were shown
with ambiguity. It is worth noting that 12 of the 14 changes that were shown with display error corresponded to
the same change in the same scenario, meaning the error was consistent and not random. Because this error was
consistent and can be therefore reproduced, we postulate that such systems errors have a high probability of
being resolved in the next technical iterations of the robot system. This would indicate that the overall results of
the human-robot system are a more conservative estimate of our system performance. Along these lines, 15 of
the 16 changes shown with ambiguity were in close proximity of the correct box (i.e., up to ∼ 30�� of-center of
the correct box or in between the correct box and an incorrect box). We believe this type of system limitation can
likely be mitigated by engineering eforts to optimize frame alignment and reduce noise, resulting in decreased
ambiguity and better overall human-robot system performance.

Study 1 and 2 consisted of video-based change detection evaluation where all changes were accurately shown
to participants and the only source of display error was in the form of rare false positives that were not coincident
with any changeable objects. Therefore, we compare these two error-free studies to the set of 85 scenarios shown
in Study 3 that also did not include any display error or ambiguities. We see that there were 146 possible changes
in these scenarios and only four response errors equating to an accuracy of 0.973. This error rate of 0.027 for
the in-person Study 3 is strictly lower than the error rates for the stationary, pan, and left-right translation
perspectives in the video-based Study 1 and 2 (0.132, 0.079, and 0.067, respectively). This provides support for
our postulate P7 which states participant’s error will decrease for in-person tests. We suspect that in-person
evaluation, and likewise real-world deployment, is the most immersive experience because humans can choose
how to move through out the environment. This can improve their understanding of where visualization markers
are located in the virtual space and with which changed objects these markers are likely to be associated in the
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real space. What also might be playing a role is the shift from a 2D experience (i.e., video) showing changes in
3D space to a 3D experience (i.e., AR) showing changes in 3D space. It has been shown that adding depth and
multiple viewpoints [75] improves performance further. Cognitively, this translation requires human efort and
while we consider the initial accuracy rate excellent, we showed that the human-robot system can even perform
better when being in situ.
An identiied issue with our live system is the presence of visualization error in the form of ambiguities.

With P8, we postulated that ambiguous visualizations (i.e., those not displayed directly over a single object)
would reduce participants’ understanding of the change information being communicated. 11 participants were
unintentionally shown 16 instances of ambiguity in Study 3, of which eight participants correctly identiied nine
of the changes. This inding suggests that ambiguity does not reduce the correct identiication of change detection
altogether given that over 72% of participants that were shown ambiguity correctly identiied the change; however,
it does not provide strong support that participants can efectively mitigate the efect of ambiguous visualisations
and discern the robot’s intended change detection.

In addition to the participant’s quantitative performance in the presence of ambiguous visualizations, we are also
interested in their qualitative evaluation. We postulated with P9 that users presented with fewer ambiguities will
enjoy amore favorable experience with our live system. The 11 participants that saw no ambiguity in any scenarios
provided no negative comments while three participants of the 11 that saw any ambiguous visualizations described
a worsened user experience. Two of these participants explicitly highlighted how ambiguous visualizations
complicate reasoning by stating, łThe orbs were sometimes not on the boxes and in between, which could make
choosing the right box not always the most straight forward." and łSometimes the spheres were between or to
the side of the boxes which made it hard to tell which object actually had the sphere on them.ž Interestingly, one
participant described their strategy for moving within the environment to deduce the intention of the robot-based
change detection and overcome the ambiguous visualization. They stated, łThe images were, at times, diicult to
interpret from a particular angle/position within the workspace. If I moved around enough it became fairly clear
what the images referred to. For example, in one case the image appeared in front of the box, and if there had been
a box behind it I may have interpreted it as that box instead. Because the box was the last in the row and against
a wall, it was the only box that made sense.ž This participant’s explanation shows a deductive reasoning process
and shows again that humans try to cognitively make sense of the information given to them. We speculate that
this process could lead to a higher cognitive workload and could signiicantly decrease system performance if the
user is pressed for time or otherwise under a high cognitive load.

We believe an AR-based change detection system designed to improve human-robot teaming, such as the one
demonstrated in this work, has wide applicability in many domains. Given the potentially large and diverse
set of operators, and to maximize utility and minimize overhead of deploying such a system, we assert that
such a system should not require extensive training. This leads us to formulate postulate P10. We postulate
prior exposure to video games will not impact the participant’s ability to understand changes shown by the
robot and correctly identify changes. The user responses from Study 1, 2, and 3 indicate that the minority of
participants play action, strategy, puzzle, or general video games often (4-6 times a week) or daily; in fact, the
majority of participants play these games rarely (1-4 times a month). Based on this self-reporting we believe that
the populations in our studies are representative of the layman or non-expert. Furthermore, the lack of video
game exposure suggests that prior knowledge with comparable virtual systems did not play a signiicant role in
the participant’s understanding of our system.

4.1 Limitations

Despite the signiicance of the indings of the studies in this system, we have identiied several limitations that
should be taken into consideration for understanding these results and designing similar future studies.
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• Display errors and ambiguities should be mitigated further for the purposes of both analyzing human
understanding of robot-based change detection and the realization of a ieldable solution. These inaccuracies
occur because the system is constantly performing online alignment, SLAM, and change detection (Fig. 1).
An error in any of the subsystems can create small displacements in positioning of visualizations. While
this is infrequent (see P8 and P9 discussion) and the error is small, if the error exceeds the width of the
objects subject to change, the visualization is placed ambiguously between objects, on the wrong object, or
in empty space (see Sec. 3.4).

• In the course of the research presented, we had the opportunity to iteratively identify and address several
limitations between studies. Study 1 presented videos AR visualizations from a static camera perspective that
lacked an immersive quality. In Study 2, we introduced a dynamic perspective to replicate this immersive
quality. Similarly, instructions were added in Study 2. However, both studies were conducted online due to
the limitations imposed by COVID-19.

• Study 3 capitalized on these additions and adjustments in an in-person experiment, however this reduced
or ability to recruit a larger number of participants.

• No feedback was given if the human’s understanding of the change was correct in Study 3. This perhaps
falsely inlates subjective user evaluations of the system, as the study participants did not experience display
errors, only ambiguity (see Sec. 3.4). Feedback would allow for more insight for understanding human trust,
communication quality, and overall system performance.

• While the current system does include bi-directional low of information in the SLAM subsystems, e.g., for
alignment as described in Fig. 1, as far as change information goes the current system is designed to study
the efect of change information communicated to the human. The system does not allow for feedback
from the human to the robot regarding the quality of the information or the decisions the human makes
using that information. Future directions will incorporate bi-directional exchange regarding the human’s
interpretation of the change detections.

• This work focused on changes of addition only, as participants do not have prior knowledge of the
environment over which they could reason about changes of deletion. In future work, we intend to explore
changes of deletion, as well as changes of relocation with the incorporation of object tracking.

• While Studies 1 and 2 were crowdsourced online and paid, recruitment for Study 3 was limited to university
students recruited as volunteers from the student population. Participants with a more diverse background
or application speciic experience would strengthen the generalization and insight of the indings.

5 CONCLUSION

In this paper, we present an end-to-end system for information transparency-enabled intelligent human-robot
teaming. Our novel system couples a human-worn augmented reality headset with an intelligent, autonomous
mobile robot that, as part of its perception capabilities includes both detecting changes in the environment and
localizing its human teammate. This work additionally focuses on improving the robot’s intelligence through
identifying strategies for efective communication of this change information. We present extensive results from
three explorative studies showing that using this system, the human teammate can understand information shared
by via AR by the robot about changes in the environment in order to make appropriate decisions. We explore an
array of design and experiential features with multiple studies yielding informative indings covering the ability
to aggregate of change information without loss of human understanding, the positive impact of instruction on
information interpretation, the efects of visualization error on user experience, and the importance of immersive
visualization. We believe an AR-based change detection system designed to improve human-robot teaming, such
as the one demonstrated in this work, has wide applicability in many domains. While this work focuses on
communication of change detection information, we believe the indings contain more broad implications for
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improving robot decision making, e.g. with machine learning techniques, in any robot-to-human communication
scenario where the robot has access to large volumes of perception data. Such improved decision making via
machine learning methods is a target for future work.
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