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Abstract. In room clearing tasks, SWAT team members suffer from a lack of initial environmental
information: knowledge about what is in a room and what relevance or threat level it represents
for mission parameters. Normally this gap in situation awareness is rectified only upon room entry,
forcing SWAT team members to rely on quick responses and near-instinctual reactions. This can lead
to dangerously escalating situations or important missed information which, in turn, can increase
the likelihood of injury and even mortality. Thus, we present an x-ray vision system for the dynamic
scanning and display of room content, using a robotic platform to mitigate operator risk. This system
maps a room using a robot-equipped stereo depth camera and, using an augmented reality (AR)
system, presents the resulting geographic information according to the perspective of each officer.
This intervention has the potential to notably lower risk and increase officer situation awareness, all
while team members are in the relative safety of cover. With these potential stakes, it is important
to test the viability of this system natively and in an operational SWAT team context.
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1 Introduction and Motivation

A major concern in our country and around the world is the challenges law enforcement officers
face during incident responses and the attention they receive as a result of the actions and
decisions made during these responses [3]. The focus of this paper is to describe the design and
development process for an augmented reality virtual window to provide x-ray vision, through
which otherwise occluded objects can be seen in unknown, potentially dangerous, and stressful
environments in the context of a common SWAT (special weapons and tactics) team task.

As an example, a SWAT team is standing outside of an apartment during a high stress, slow,
and methodical building search operation as part of serving a drug search warrant. They have a
non-weaponized tactical robot, and they send it into the apartment to gain situation awareness
and reconnaissance information prior to entry. The SWAT team breacher is able to open any door
to provide access for the robot. The team members wear augmented reality (AR) head-mounted
displays integrated with their helmets [47]. Visual images are provided to SWAT team members
from both a through-the-camera view, seen from the robot’s perspective, and an AR virtual
window view, seen from the point of view of each team member wearing an AR head-mounted
display. Providing video information to SWAT officers by sending a robot into the environment
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prior to entry improves planning and decision making by the officers. With more information
about the situation, better decisions can be made and more lives can be protected, both officers
and public. It is expected that overall team performance, situation awareness, and safety will be
enhanced through this x-ray vision approach.

2 Background

In order to accomplish this approach, we use augmented reality (AR). AR, sometimes also known
as mixed reality, supplements our natural senses by overlaying additional information on top of
what is natively sensed [12]. However, this approach does have some limitations and downsides;
human attention is limited, and additional informational inputs can quickly surpass that limit
[15, 16]. Further, cognitive processing for certain types of information, particularly as it relates
to depth, may interact negatively with what can be seen in the real world [33]. These problems
lead to two main issues for X-Ray Vision: perceptual problems associated with AR and situa-
tion awareness concerns inherent to human psychology. Even beyond these factors, human-robot
integration also represents a significant challenge for this sort of task.

2.1 Perception and Augmented Reality

Successful AR x-ray vision, which has been a significant area of interest [1, 17, 25, 32, 33], is
perhaps the most important component of this task. Accurate and accessible augmentation of
the environment is a necessity in order to improve outcomes for SWAT teams. As such, this
task requires the creation of 3D images that appear to occupy specific locations concurrent with
the measured position of those objects in the real world. To do this, we make use of depth cues,
environmental variables used by the human perceptual system to generate a sense of depth. These
include occlusion, stereopsis, accommodation, contrast, motion parallax, familiar size, and many
more [11, 12]. Significant research has been done to determine the relative effectiveness of each
of these cues and how they affect augmented reality depth perception [11, 12, 22, 23, 31, 40, 41,
44]; however, a comprehensive approach for accurate depth perception within AR has been an
elusive goal [12, 22, 31].

This is further complicated by the limited nature of most AR displays. While displays have
improved dramatically over the last decade, they are still fundamentally limited. Few or no
commercially available AR displays allow the adjustment of each depth perception parameter
[40]. Thus, parameters like multi-focal accommodation, which are relatively difficult to design into
mobile display technology, are often unavailable [27, 30]. Other parameters, such as brightness,
can generally be adjusted, but current hardware limits fall short of the brightness of a typical
sunny day [48]. Fortunately, this particular application is able to make use of several important
depth perception cues, including stereopsis and motion parallax.

Stereopsis, or the combination of stereo images in human eyes to create a depth effect, has
been found to have a strong effect on depth perception within arm’s reach [11, 21, 23]. Beyond
that, however, the effectiveness of this depth cue deteriorates with distance [11, 21]. On its own,
stereopsis would likely represent a potentially fallible depth cue for this application [37, 42].
Fortunately, it is also paired with motion parallax, which has been found in several studies to
notably increase depth estimation accuracy [8, 9, 42]. Even in real world studies, motion parallax
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is an important depth cue; its availability improves depth estimation and undermines several types
of optical depth illusions [8, 9]. Other depth cues, such as familiar size, contrast, or texture, may
have an impact on depth perception [35, 36], but those effects, with one exception, are notably
less significant than the effects of stereopsis and motion parallax.

In a vacuum, we would expect stereopsis and motion parallax to be generally sufficient for
locating objects in depth [37, 42]. However, there is a complication: occlusion, in which an object
in front blocks the view of an object behind, is one of the most salient visual cues for human
vision [11, 24]. In this task, where occlusion is necessarily ignored, there is a significant perceptual
conflict between seeing an opaque wall and perceiving virtual 3D data beyond it. In some cases,
this can cause the depth of the virtual data to be perturbed [5, 33]. In order to deprecate this
perceptual conflict, we make use of the window metaphor. The window metaphor is a way of
contextualizing the display of data past an apparently solid object [5]. Generally, humans have
no experience with or grasp of seeing a collection of images through an opaque object. However,
we do understand the context of a window, a bounded box that lets us see beyond some barrier.
Where a boundaryless mass of floating stimuli beyond a wall might be confusing and bewildering,
a neat, bounded window through a wall could be expected to be more perceptually understandable
and approachable. Indeed, research on this window metaphor or similar concepts has generally
found improvement in depth perception estimations, though further research should be done to
confirm this phenomenon [5, 33]. Thus, we expect that the window metaphor will increase user
understanding of depth and help prevent information overload.

2.2 SWAT Team Integration and Deployment

Even with the carefully engineered approach described above, this system would be ineffective
if it could not be integrated with the target audience, a SWAT team. The complex integration
of robotics and augmented reality has the potential to be either a successful extension of SWAT
team awareness or a dangerous distraction that yields little operational value. While we do not
yet have data on this use case, extrapolation from previous research can help us determine which
characteristics are likely to lead to positive outcomes and which are not.

First, it is important to note that tactical robot integration is a challenging task and is
difficult to do well [50]. It is easy to create system features that almost inherently detract from
team goals: embedded operator requirements, robots that interfere with team performance, or
distracting control schemes [2, 29]. However, positive responses have been garnered from some
system features [2, 29]. Broadly speaking, these seem to point toward a desire for greater robot
autonomy, robot features that draw fire away from (and not toward) team members, and robot
features that allow potential offloading of team tasks onto the robot [2]. While these characteristics
don’t necessarily map 1-to-1 with this proposed system, there are still many general lessons to
learn from these results.

The clear first lesson is that the proposed system needs to be easy to use. Team members
are unlikely to want to spend valuable time trying to troubleshoot or set up a system that is
buggy or difficult to use. Such a distraction would detract from their core task and increase the
likelihood of negative outcomes. SWAT team members are also unlikely to want to dedicate a
full-time operator to managing the robot [2]. Further, a robot with greater independence would
also be better able to draw fire away from team members and help the team more efficiently clear
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rooms. As such, while it is beyond the purview of this project, developing limited or supervised
autonomy that allows a robot to move between rooms, following police search protocols, would
likely be a useful addition to this set of tools.

Finally, there are a few attributes of this system that have not been previously investigated
and which may be difficult to integrate into tactical teams. A primary concern would be how
officers will react to wearing mobile AR displays. Clearly, in the long term and for live use cases,
wearing anything that interferes with body armor or head protection would be met with an almost
immediate rejection. However, if the technology otherwise proves worthwhile and usable, it is
possible that hardened versions of AR displays could be produced and integrated into body armor.
Another potential factor would be the degree to which the AR display becomes a distraction
when officers are in the process of clearing a room. This, however, seems like it could be easily
counteracted with a minimal display footprint and/or with a manual AR-on/AR-off switch. It
is expected that our evaluation of this system will determine how to best support tactical team
performance and usability.

2.3 Situation Awareness

The crux of the issue, however, is situation awareness : the general understanding and grasp
of a given task environment. This is the very quality that is expected to improve with this
system [14, 15, 43]. As previous research has discovered, it is entirely possible to reduce situation
awareness with some types of seemingly positive interventions. In particular, it is surprisingly easy
to overwhelm or distort human cognition with too much information, particularly extraneous or
difficult-to-incorporate information [14, 15]. Thus, in the design and testing of our system, we
should consider whether it truly improves situation awareness or whether it, in fact, reduces it.

First, it is important to more fully examine the underlying concept of situation awareness
(See Figure 1). Situation awareness informs human decision making by encompassing underlying
perceived data; in a very real sense, situation awareness can be interpreted as our own internal
model of our environment. For ‘good’ situation awareness, the internal model of the environment
would be both accurate and focused on the features that actually matter; for ‘poor’ situation
awareness, the internal model might be inaccurate or not useful for the situation. As such, situa-
tion awareness is composed of three main components: perception, comprehension, and prediction
[15, 18]. In order to build an accurate model, information must be perceived and its implications
understood. For complex scenarios, better understanding of the underlying information leads to
improved predictions about the state of the environment.

However, it is worth noting that better situation awareness does not inherently result in
better task performance [15, 16]. It is entirely possible for an operator to have excellent situation
awareness and make a mistake or for an operator to have poor situation awareness and blunder
into a better performance. It is even possible for an operator to be very confident in his or her
situation awareness, but actually have a poor understanding of the situation [15, 16]. As such,
while task performance or user self-judgment and situation awareness are likely highly correlated,
these measures are not themselves ideal tests of situation awareness.

What, then, does represent an exemplary test for situation awareness? Several measurement
methods have been drawn from multiple disciplines, including air traffic control, military com-
mand, and robotic operations [16, 18, 50]. There are three main methodical approaches: explicit
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Fig. 1: Situation awareness model for dynamic decision making [15].

tests, implicit tests, and subjective tests. We mainly focus on explicit and implicit methodol-
ogy, since explicit tests are both direct and objective and implicit tests are directly connected to
task performance, and, as such, are generally considered sound methods [18]. SAGAT (Situation
Awareness Global Assessment Technique), ASAGAT (Analog SAGAT), and QASAGAT (Quan-
titative Analog SAGAT) are three very similar approaches that use mid-intervention ‘freezes’
to assess a user’s knowledge in the moment [16, 18]. CARS (Crew Awareness Rating Scale),
PASA (Post Assessment of Situation Awareness), and SPASA (Short Post Assessment of Situa-
tion Awareness) are examples of retrospective techniques, which measure a user’s understanding
of the task after completion, usually through a short survey [16, 18]. Both of these approaches
have their own shortcomings. SAGAT-based methods require frequent and intrusive task freezes
that may affect the actual cognitive task approach or may bias the operator toward focusing
specifically on what is being tested [16, 18]. The retrospective techniques, in contrast, occur post-
task and so do not interfere with task cognition; however, they produce results that may not
be indicative of an operator’s effective situation awareness within the task [16, 18]. All of these
approaches focus on the functional application of the task and individual parameters relating to
task performance. However, the primary aspect of situation awareness that this system improves
is perception. As such, one of the key questions we must ask in our research is: How can we
measure the effect of this system on an operator’s spatial perception?

3 Approach

The design approach for this project can be viewed as occurring in three distinct steps: (1) deter-
mining ideal system parameters from research and task stakeholders, (2) implementing the x-ray
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vision system, and (3) gauging the system’s effectiveness. The following section contains expla-
nations and information pertinent to the current methods used by SWAT teams, the technical
execution of our project thus far, and potential future experiments meant to measure memory
retention, general performance, and perceptual accuracy.

3.1 Tactical Room Clearing

SWAT police teams are called in to safely and effectively resolve certain situations where the
threat of violence is considered high: counterterrorism operations, drug raids, high-risk search
warrants, hostage situations, or apprehension and arrest of armed suspects. These situations are
extremely stressful and can easily lead to unnecessary loss of life, as in the several recorded
instances of swatting deaths. In particular, room clearing operations require team members to
enter a novel environment/situation and evaluate it for potential threats. There are currently
two methods for entering a room—blind entry and mirror entry. In blind entry, team members
typically go into a room with no visual knowledge of what is on the other side. In mirror entry
(See Figure 2), a team member uses a mirror on a pole to examine the contents of the room
from cover before entering. Both of these approaches have notable problems; both leave team
members with an imperfect awareness of the environment. In mirror entry, even though some
environment information is imparted, this information is distinctly limited. The field of view is
small, the mirror itself is awkward and difficult to use, and only one member of the team is able
to scan the room at a time. The information from the mirror is also displaced with respect to
the team and requires mental rotation and translation to transform it into the team member’s
own point of view. This displacement, in particular, has been shown to reduce task performance
and increase cognitive load [13, 26, 46], which likely is related to significantly reduced situation
awareness.

In contrast to these methods, our system offers a less cognitively demanding and potentially
less dangerous approach. Officers will be able to send a robot, equipped with a stereo camera, in
ahead of the team. The robot will stream the depth image of the room to team members wearing
mobile head-mounted AR displays. This information will be presented to the team members
from their own perspective through an adjustable window. As such, the final result will be an
egocentric view of the room, from each operator’s perspective—no risk to officers and no awkward
mental re-orientation required! Clearly, such an outcome (if it can be successfully incorporated
into SWAT practice) could potentially, and dramatically, reduce the risk associated with standard
room clearing operations.

3.2 Apparatus

The Depth Camera The Intel RealSense D435 stereo depth camera is designed specifically for
low-light environments and supports a wide field of view out to ten meters, which is ideal for this
use case [20]. The depth camera is used in tandem with the robot controlled by the SWAT team;
this is comparable to approaches used in previous work [6, 7]. In this system, the depth camera
will generate RGB point cloud data (PCD) in real time, which is immediately transferred to the
operators’ head-mounted displays.

The depth camera is rigged with a combination of Robot Operating System (ROS) and SLAM
software and is equipped with gyroscopic hardware [4, 45]. Using these features, depth data
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Fig. 2: A team member performing mirror reconnaissance. Note that the view the team member
sees here is rotated and displaced from his current perspective.

can be either taken in independent ‘snapshots’ or can be used to continuously build a single
environmental map. Interestingly, this data can also be stored for later retrieval and analysis,
which may be useful for certain law enforcement applications.

The Magic Leap AR System The Magic Leap headset is a self-contained mobile AR display
device. It supports automatic SLAM (simultaneous localization and mapping) environment and
position mapping; speech, gesture, and peripheral-based control schemes; standard network pro-
tocols; approximately three hours worth of battery life; a 40◦ horizontal field of view; and a target
refresh rate of 60 frames per second. Once the system program has been uploaded to each Magic
Leap, they will operate completely independently (aside from syncing and depth data delivered
over the network). This is particularly key in that the device will not limit team mobility while
in use, nor will charging issues represent a significant constraint for most scenarios.

In interacting with the stereo depth camera, Unity, aided by certain tools and libraries, con-
verts the output into a format which can be directly uploaded to the Magic Leap [38, 39]. The
output is then displayed to operators as a mesh (see Figures 5 to 7).

As previously stated, by generating and displaying these environments, we are supplying
SWAT teams with a safer and more efficient room surveying approach. The additional information
these methods provide, combined with the intuitive perceptual understanding that AR supports,
represents a potential advancement over the state of the art—provided that the positive aspects
of this system outweigh any hidden costs.
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Fig. 3: Connection flow chart for the X-Ray Vision System. Depth images are taken by the stereo
depth camera, processed, and delivered to a subscriber AR system through a secure network.
Note that the robot and AR system positions are synchronized through the use of a universal
tracking fiducial.

3.3 Implementation

In order to implement this system (See Figure 3), we use several connected components. First,
we make use of a Jaguar V4 robot chassis, equipped with an Intel RealSense D435 camera. This
robot will contain a computing system (supported by a secure wireless network) that allows the
transfer of the point cloud room layout to team members. Each team member will be equipped
with a Magic Leap AR system that provides stable augmentation and virtual images. Finally, the
relative positions of both the robot and the Magic Leap systems will be synchronized and tracked
using a printed fiducial. As an example of the system in action, see Figures 8 and 9.

The current system development is focused on the structure and design of the robotic plat-
form. Interface improvements might also help improve the system’s effectiveness and usability,
while adding color and meshing to the displayed point cloud output may improve scene recog-
nition. Certain practical issues, such as the frequency of displayed mesh updates, are also being
investigated. These issues should be relatively easy to mitigate or solve with additional analysis.
Finally, the important issue of testing and verification is being addressed.

3.4 System Effectiveness

This brings us to evaluating our system’s effectiveness—what traits are worthy of analysis? Con-
sidering the nature of this intervention and the lack of predictive features, it seems best to evaluate
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Fig. 4: A screenshot of a scanned room in Rviz

the perceptual validity of this system. Even though perception alone is not comprehensive situ-
ation awareness [15, 18], it is a key component and represents a notable step forward for team
members who otherwise might not be able to know anything about the task environment prior
to entry.

As such, there are at least three possible aspects of perception to consider: memory, task
performance, and depth perception. Each of these represents, or is affected by, a part of our
overall perception and, especially for the latter two, may be relevant to task performance and
situation awareness.

Testing For each of the approaches listed below, testing would occur in a broadly similar manner.
Each experimental approach would have three separate conditions: a real world condition using
an actual, physical window; a mirror entry condition; and an x-ray vision condition. This allows us
to consider each condition both on its own merits and in comparison to real world performance,
to determine which approach is superior. This experimental data will be supplemented by a
post-experiment survey.

Memory Testing In order to test operators’ memory, we propose a simple environmental re-
construction experiment. In this task, an operator would observe and be encouraged to explore
an adjacent room by looking in through a fixed window. After a short period of free-moving
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Fig. 5: An example converted point cloud data (PCD) file in Unity (top-down view).

exploration, the operator will be taken to a new area and tasked with reconstructing the explored
scene. This reconstruction can be approached from a variety of angles; the operator could draw
the scene from memory on a sketchpad or position physical objects identical to the objects in the
observed environment. Further investigation is warranted to determine which of these approaches
is best for this application. On the one hand, free-style drawing and spatial reasoning is defini-
tively a practiced skill, with some operators being more proficient and some being dramatically
less proficient. On the other hand, allowing the physical adjustment of room objects may provide
additional feedback to the operator that they would not otherwise receive.

This experimental approach would allow the investigation of memory decay and accuracy. In
particular, it will be interesting to observe how working memory functions when using the x-ray
vision system, as opposed to strictly real world stimuli. These results will help determine how
effectively the system replicates real world memory effects.

Task Performance Testing Task performance does not necessarily correlate directly with
situation awareness [15, 16]. However, it may be possible to create a task that specifically is novel
enough that training and performance differences don’t apply and simple enough that completion
is readily achievable.

In particular, team members during room clearing operations desire to have an accurate
and complete model of the room prior to entry so that it can be navigated more easily and
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Fig. 6: An example converted point cloud data (PCD) file in Unity (camera view).

potential hiding spots identified and cleared. While effectively simulating a room clearing task
with professional SWAT teams may be difficult, room navigation itself is much simpler—though
the task becomes trivially easy upon entry into the room. However, if we require operators to rely
solely on information acquired from the intervention, the outcome can be expected to rely heavily
upon how well the system supports perception and memory. Thus, it may be useful to employ a
monitored blind walking navigation task, where users observe the simulated room and are then
instructed to enter it without sight. At that time, they would be given a simple navigation task
in order to test their perceptual memory of the room layout. This approach has the advantage of
testing task performance in a way that is both relevant to the room clearing operation and that
is, at least at the beginning of the experiment, somewhat unpredictable to operators. As such,
this approach may be a better measure of how a SWAT team member interacts with the system
than an intervention where they know beforehand how they will be tested. To maintain safety
during this experiment, a dedicated observer would be present to ensure that the participant does
not run into any physical objects.

The results of this approach would clearly represent the expected effect of situation awareness
prior to the room clearing task. Data could easily be gathered from positional reports by the Magic
Leap and could consist of a variety of variables including: elapsed task time; task accuracy; and
task errors, for any time a user attempts to walk through a location containing a displayed virtual
object.
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Fig. 7: The same data as Figure 6, but with point size increased, giving the mesh a blocky
appearance.

Depth Perception Testing Depth perception, in this case, is an important aspect of situation
awareness, though a high degree of accuracy isn’t necessarily required for a room clearing task.
One way that this might be measured is through a version of triangulated walking [34]. In classical
depth perception experiments, triangulated walking tasks involve observing a virtual object that
is observed briefly and then disappears. After it disappears, the subject is instructed to walk
obliquely toward it while continuously pointing to its perceived location. This task has been
observed to be an accurate experimental depth perception measurement and has regularly been
used in scientific research [34].

This task could easily be modified for use in a hall; indeed, by having the subject move to
several different locations in a hallway, both the perceived distance to the object and the associated
memory footprint could be evaluated. This task might also indicate whether being subjected to
movement/optical flow in the real world could distort the location of the remembered virtual
object(s).

4 Discussion

As this project is still untested, this section primarily focuses on our expected results and any
potential confounds. We discuss the expected general results of this system for improving situation
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(a) The scanned depth data, as
viewed through a closed door.

(b) The scanned depth data, with
the scanned room visible.

Fig. 8: The X-Ray Vision System, displaying a standard office chair.

Fig. 9: The X-Ray Vision System, from several perspectives.

awareness, the anticipated use and benefit of AR and the window metaphor, and the possible
challenges for the integration of the system into SWAT operations.

4.1 Hypotheses and Predictions

Some of the proposed tests have not been previously tried in this sort of venue before (e.g.,
memory reconstruction). Other tests either have not been applied in exactly this way before (e.g.,
blind walking), or dramatically differing technologies and levels of virtuality/depth cuing have
been used in previous experiments (e.g., triangulated walking) [28, 51]. As such, expected results
are hard to predict. We would expect results generated from the system to be approximately
equivalent to results generated under real world conditions—which, for blind and triangulated
walking, would indicate generally veridical depth judgments. On the other hand, we would expect
results from the mirror test to be significantly worse than the real world for depth tasks and likely
also worse for memory reconstruction. The relationship between memory reconstruction and the
system may also be more complicated than anticipated; some previous research has theorized
that presenting items in augmented reality may have novelty or arousal-inducing effects, which
could potentially modify or strengthen the operator’s memory of item locations [19]. This effect
might be caused by the novelty inherent for most users in AR displays; it might also represent
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a more general tendency for operators to fixate on virtual content over real world content. Even
so, we would expect that this effect would be relatively minor and that memory reconstruction
would be approximately equivalent in both the system and the real world.

4.2 The Window Metaphor—Effectiveness and Usability

Previous research has noted a discrepancy between perception in egocentric and allocentric refer-
ence frames, causing cognitive displacement and confusion when participants attempt to rectify
their location in the physical and virtual worlds [10, 49]. This phenomenon has been known to
cause simulator sickness (or a general feeling of nausea induced by exposure to VR or AR) and
other negative effects. In addition, views from non-egocentric frames of reference, referred to as
displaced perspective, often exhibit increased cognitive demands for users [13, 26, 46]. This in-
creased attentional overhead may have a negative effect on situation awareness and, thus, likely
negative effects on performance in a standard room clearing task. Thus, this system focuses on
egocentric perception from the ground up, sidestepping all of the significant costs of non-user-
centered projections.

Another area that is important to consider is the effectiveness of the window metaphor.
While we have not yet collected concrete data on this issue, subjective experience seems clear;
the window metaphor appears to be an effective way to help operators mentally categorize the
perceptual data. Without the window, the displayed data can appear chaotic and difficult to
place, but, with the window, analysis and examination seem more intuitive. This may also be
reinforced by the need to move. In the absence of a window, all the data can be viewed from
a single point, while, with the window, movement or repositioning of the operator or window
is necessary to view more than a small portion of data. Thus, in the presence of the window,
operators are incentivized to move about, thus introducing motion parallax depth cues, which
help more concretely establish and reinforce distance judgments to the displayed data. It might
be interesting to more fully investigate this idea in future experimentation, but, for now, it seems
subjectively clear that the window metaphor results in improved situation awareness and depth
judgments.

4.3 SWAT Team Contextualization

In contrast, the reception of this system among SWAT team members is likely to be a more
complicated variable. On the one hand, pre-task intelligence is expected to be highly valuable to
SWAT team members, in terms of both its extrinsic value and its regard among the team mem-
bers. However, this system will also be associated with several cognitive costs, some of which team
members may be aware and some of which they may not be. In particular, the deployment and
set up of this system is expected to take a few minutes of up-front time. In most contexts, this will
be trivial, but in an incident where speed is extremely important, deployment of this technology
could be stressful or result in increased cognitive demands. Therefore, system deployment proce-
dures, and deployment training, are an important consideration. In addition, this task requires
integrating a robotic system into SWAT team procedures. While several such integrations have
proven successful and popular, it does still remain that current robotics platforms can be noisy,
slow, and cumbersome, as compared to team members [2]. Therefore, while it seems likely that
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the addition of valuable intelligence and the lower risk of fatalities will offset these characteristics
in the mind of SWAT team members, it remains to be seen how exactly they will interact with,
and react to, this new technology.

5 Future Work

The clear next step for this project is to polish and finalize the various details of the x-ray vision
system and begin testing its effectiveness, first with untrained users and then with SWAT team
members. These details, while relatively minor, may have a significant impact on performance
and operator reception. Once these are finalized, proper testing and experimentation can begin
(see Section 4).

5.1 Environment Generation & Integration

One of the primary forthcoming issues to consider is how to display the point cloud room data
in the Magic Leap. The underlying problem of getting the data to each Leap is largely solved,
but determining the best parameters for displaying it is more open ended. How often should the
displayed scene be refreshed from the camera? Updating too often risks bogging down the Magic
Leap’s processing power and cause rubber banding; updating too rarely, on the other hand, might
cause unexpected perceptual effects or somewhat delay the receipt of critical mission data. Similar
questions can be asked about ideal point count to be displayed, the usefulness of meshing or color
for operators, and whether previously viewed areas should continue to be displayed or only the
area currently visible to the depth camera.

5.2 Robot Design and Performance

Functionally, it is also important to finalize the production design of the robotic platform. The
physical location of components and wiring all have to be analyzed for faults or weaknesses
before the robot can be used in practical applications. In addition, as mentioned previously,
expanding robot autonomy would be an interesting next step for this project. It is well beyond
the current scope, but expanding the system to potentially encompass multiple semiautonomous,
independent robots promises to be an exceptional step forward in large-scale room clearing tasks.
If such a robotic fleet could effectively communicate with each other and the tactical team, it
would be possible to dramatically reduce the time required to clear large buildings or even urban
environments.

5.3 Testing and Experimentation

Finally, the most important future work is, arguably, testing and experimentation. As mentioned
in Section 4, there are a number of experiments that can be used to determine if the x-ray vision
system is an effective way to improve perception. However, situation awareness goes beyond
more than just perception—an important next step would be scenario-based testing, where team
members might have to comprehend or predict based on what they see. These scenarios would be
fairly challenging to implement and would have to be presented in a surprising manner so as to
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better test the team’s unprepared reactions and awareness. Other tests might include data-based
analysis of various smaller components of the x-ray vision system: the effect of motion parallax
on depth judgments, the effectiveness of the window metaphor vs. an unbounded display, or
potentially several other system components.

6 Conclusion

We expect that this x-ray vision system will be an effective aid to tactical SWAT teams in room
clearing tasks. It seems likely that presenting previously unknown room information from an
egocentric frame of reference will allow team members to easily and intuitively understand, plan,
and react to it. These benefits, too, seem to be free of major downsides that could bog down or
hinder team efficiency. As such, it is expected that the x-ray vision system will significantly aid
in team situation awareness, though further testing is required.
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