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This article introduces the design and prototype of Ajna, a wearable shared perception system for supporting
extreme sensemaking in emergency scenarios. Ajna addresses technical challenges in Augmented Reality (AR)
devices, specifically the limitations of depth sensors and cameras. These limitations confine object detection
to close proximity and hinder perception beyond immediate surroundings, through obstructions, or across
different structural levels, impacting collaborative use. It harnesses the Inertial Measurement Unit (IMU) in AR
devices to measure users’ relative distances from a set physical point, enabling object detection sharing among
multiple users across obstacles like walls and over distances. We tested Ajna’s effectiveness in a controlled
study with 15 participants simulating emergency situations in a multi-story building. We found that Ajna
improved object detection, location awareness, and situational awareness and reduced search times by 15%.
Ajna’s performance in simulated environments highlights the potential of artificial intelligence (AI) to enhance
sensemaking in critical situations, offering insights for law enforcement, search and rescue, and infrastructure
management.
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1 Introduction
Sensemaking is a decision-making process that involves creating plausible explanations for human
actions [97].This is particularly important in emergency situations where environmental constraints
can hinder life-saving actions [28]. The term extreme sensemaking refers to sensemaking performed
under extreme conditions, such as navigating a partially collapsed building post-earthquake that
requires quick decision-making for locating survivors. In these contexts, decentralized “edge”
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Fig. 1. An illustration of extreme sensemaking (generated by DALLE-3). In this example, the two firefighters
on the left image detected a real-time, three-dimensional location of a person in a burning building accessible
via a ladder for rescue. The location information, generated by one of the firefighters inside the building,
is then shared with the ladder crew outside on the right image, allowing them to swiftly comprehend the
distressed individual’s exact whereabouts.

networks support peer-to-peer (P2P) communication and efficient parallel searches by distributed
teams, eliminating the need for a central authority delegating critical information [25].

Extreme sensemaking becomes more complex in environments without the use of electronic
communication channels, such as radio, internet, or cell coverage. There are also complications
when an operator needs to react stealthily or uses mobile devices that interfere with operating other
handheld equipment such as tools, radios, or firehoses. To address these challenges, our research
investigates the development of reliable and effective wearable technology to support sensemaking
tasks in domains such as fire and law enforcement (see Figure 1), maintenance, and search and
rescue (SAR) efforts [31, 58].

As wearable Augmented Reality (AR) devices like Apple Vision Pro and Microsoft HoloLens
gain popularity, the development and testing of innovative applications for these devices are also
on the rise [8]. These AR devices employ a suite of technologies, including photographic and
depth cameras, accelerometers, gyroscopes, and magnetometers, to accurately capture the user’s
surroundings. The combination of these resources with edge computation can facilitate object
detection and localization in three-dimensional (3D) space, allowing for enhanced situational
awareness [1, 9, 21, 51, 96]. In recent years, researchers have begun exploring the integration of
embedded artificial intelligence (AI) algorithms on AR devices for accurate object-detection
tracking and real-time scene understanding [24, 33, 52]. However, a common challenge with these
technologies is scaling up AI-driven sensemaking for concurrent users in larger environments
due to the relatively low resolution of AR sensors limiting the detection of distant objects [35].
Section 3 further discusses these issues and proposes potential workarounds.

In this article, we introduce Ajna, a novel shared perception system designed to overcome the
current limitations of AR devices, enabling scalable object detection sharing across distances and
barriers previously untenable. The term Ajna is derived from the Hindu chakra, “the third eye,”
which symbolizes a heightened perception of the world beyond what is visible through two eyes
[76]. Named after the concept of a higher awareness, Ajna utilizes the Inertial Measurement
Unit (IMU) present in most AR devices to measure the relative distance of each user from a
mutually agreed physical point, allowing object detection information to be shared and viewed
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from this common understandingwithminimal spatial drift. Our design offers a collective perception
capability, effectively serving as a “third eye” for extended situational awareness.

Scope. The purpose of this work is to improve object recognition and AI-driven sensemaking for
teams or crowds to address the difficulties associated with extreme sensemaking in the AR domain.
Current AR depth sensors and cameras have limitations that prevent users from perceiving objects
beyond their immediate surroundings, behind barriers, or on multi-level structures. Due to these
constraints, additional methods like QR code markers, specialized antennas, or geo-rectification
techniques are commonly required to overcome perceptual obstacles [9]. Our shared perception
application, Ajna, is designed for high-intensity, limited-scale operational zones such as multi-level
structures or compact metropolitan blocks. As described in Section 4, Ajna integrates its three basic
modules (SpatialSense, CoInferX, and PercepShare) to support collaborative operations.

Our evaluation studies tested and validated the integration of Ajna, creating a shared perception
system that operates without the need for extra supportive infrastructure. The crowd-in-the-loop
method [18] allows users to update detections for moving objects or identify and update the
relevance of detected objects, such as stationary injured persons. This detection flexibility and
human-centered design enhance accuracy and utility. Although Ajna’s precision decreases in
expansive areas, our findings demonstrate improved object detection and easier location sharing
among teams. A user study with controlled trials assessed Ajna’s sensemaking capabilities in a
simulated multi-level urban search and rescue operation. The results showed that participants using
Ajna required, on average, 15% less time for tasks involving the identification and localization
of simulated victims. Participants also rated Ajna’s user interface (UI) and overall system as
acceptable based on the System Usability Scale (SUS). Overall, we found evidence that Ajna
can support collective spatial understanding and facilitate extreme sensemaking, with potential
applications in real-world SAR operations, law enforcement training, and navigation in complex
terrain when used on ruggedized AR devices [84].

Summary of Contributions. Building on previous studies [4, 34, 53], our work makes the following
novel contributions: (1) We introduce Ajna, a novel shared perception application for AR devices
that can enhance team sensemaking, particularly when traditional communication channels are
limited. (2) Ajna demonstrates how shared spatial references may be used in AR efficiently without
QR codes or additional edge hardware and cloud services. With this design approach, occluded
objects are tracked smoothly, and situational awareness is enhanced in unknown environments,
improving system feasibility and accessibility. (3) We evaluate Ajna in a simulated search and
rescue environment, demonstrating a significant decrease in task completion times. Using empirical
evidence from our study, we illustrate Ajna’s utility in developing collective decision-making in
real-world environments, emphasizing its practicality and efficacy.

Although our design for this study is based on the Microsoft HoloLens 2, it is not limited to this
device, allowing for broader applicability. Ajna overcomes the constraints of unreliable internet
and eliminates the need for a pre-established infrastructure or off-device capabilities, making it
readily deployable to AR devices [61].

2 Related Work
AR devices offer transformative advantages over traditional devices, primarily through their ability
to superimpose digital information such as images, data, and animations onto the physical world,
thereby enhancing a user’s real-world experience. This technology is especially advantageous
in fields requiring complex interaction with the environment or data analysis, such as medicine,
engineering, education, and military operations [27, 36, 42, 57]. Traditional form factors, like
desktop and laptop computers and handheld devices, often constrain users to screens, limiting the
interaction to two-dimensional (2D) information presentation and demanding divided attention

ACM Transactions on Interactive Intelligent Systems, Vol. 15, No. 1, Article 1. Publication date: January 2025.



1:4 M. Wilchek et al.

between the task and the device [98]. In contrast, AR devices integrate information directly into
the user’s environment, allowing for more natural interaction and multi-sensory engagement,
which is crucial for tasks requiring spatial understanding or real-time decision-making [5, 8, 11].
Furthermore, recent studies indicate that AR can reduce cognitive load and human error as users
navigate and interpret information more intuitively within their field of view (FOV), rather than
diverting attention between the real world and a screen [91]. These advancements underscore
AR’s potential to significantly enhance performance across various disciplines, surpassing the
capabilities of traditional devices.

Building on this momentum, AR headsets are increasingly being utilized in search and rescue
operations and emergency services due to their unique ability to enhance situational awareness
and operational efficiency in high-stake environments. These devices superimpose crucial data,
including maps, victim locations, and hazardous area markers, directly onto the rescuers’ field
of vision. Furthermore, Ong et al. showcased AR’s role in expediting victim identification and
improving navigation under difficult conditions [79]. Similarly, Luskas et al. developed a HoloLens
application tailored for SAR based on SAR professionals’ input. The application allows users to
annotate surroundings, mark points of interest, and access vital SAR information, with plans to
incorporate more collaborative features for shared holographic data [58]. Chalimas et al. advanced
this technology further by integrating an infrared camera with the HoloLens, testing its application
in fire rescue scenarios [12]. These innovations hold the potential to enhance victim detection in
multi-story buildings, allowing for rapid information sharing among rescuers, which is crucial in
time-sensitive rescue missions.

The effectiveness of these AR applications in real-world SAR scenarios is also contingent on
the compatibility of the technology with the specialized gear used by SAR professionals. The
development of ruggedized HoloLens versions such as the firefighter-specific C-THRU helmet by
Qwake Technologies, the U.S. Army’s Integrated Visual Augmentation System (IVAS), and
the Military Augmented Reality System (MARS) employed by China’s People’s Liberation
Army could pave the way for more comprehensive field studies and the broader implementation of
AR in SAR operations [47, 75, 84]. These advancements demonstrate the growing feasibility and
importance of AR technology in enhancing the capabilities of SAR professionals.

The advancements in ruggedized AR tools, essential for SAR operations, lay the groundwork for
another crucial aspect of AR applications in emergency scenarios: object detection and collaborative
data sharing. Object detection using state-of-the-art AR systems is not a new idea. Works such
as [13, 15, 96] investigate the use of advanced machine learning models on the HoloLens 1 or
2 specifically for object detection. These studies even incorporate depth perception capabilities
of the HoloLens or other AR devices for object location or use networked servers to aid in the
computationally intensive object detection task. However, these works implement object detections
solely on a single user (a single HoloLens) or between a single user and an edge server to distribute
computation load. These detections’ accuracy completely relies on that single user’s FOV. Research
has also shown the feasibility of using object detection on AR devices for rapid damage detection,
crack inspection, structural health monitoring, excavation, and indicating structural displacements
[21, 45, 46]. However, if a repair crew could communicate and share their detections with each
other as a collaborative application, then it would be possible to validate the detections between
what each other sees in real-time.

Another area that has seen research in integrating AI with AR is 3D scene reconstruction. 3D
scene reconstruction is the process of generating a digital 3D model of a real-world scene from
multiple images or sensor data [81]. The resulting 3D model can be used for various applications,
such as virtual reality, AR, and robotics. Tateno et al. demonstrate a novel monocular Simultaneous
Localization and Mapping (SLAM) system that uses a convolutional neural network (CNN)
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for learned depth prediction to generate 3D reconstructions of scenes in real-time [89]. The CNN
estimates the depth of each pixel in the input image and generates a dense depth map for the
reconstruction. However, the authors only propose the work can be used for AR devices and only
evaluate the work in controlled experiments on a standard computer desktop CPU.

Similarly, Wald et al. propose a real-time fully incremental scene understanding system originally
designed for mobile systems [95]. The proposed system was designed to learn and adapt to new
objects and environments incrementally; however, it was only evaluated on a single Google Tango
device, which is an AR device that requires hands-on control. A common theme around these two
notable works and others [e.g., 14, 20, 74, 86, 90] is the proposal that these novel contributions
in 3D scene reconstruction can aid in sensemaking for real-world scenarios with AR, but fail to
include any kind of evaluations that back-up these claims.

As mentioned briefly in Section 1, the existing body of literature on the integration of AI with
AR primarily focuses on individual device usage [94]. However, recent research has witnessed a
surge in investigating the application of human-in-the-loop (HITL) learning for object detection
on AR devices, aiming to enhance the process of sensemaking. The involvement of human users
through HITL learning has proven to enhance object detection performance [100]. Nevertheless, the
majority of these studies have concentrated on single-user scenarios. For example, Hoppenstedt et al.
utilized the HoloLens and voice commands to label objects for training CNNs, employing an active
learning component [38]. However, this HITL approach is designed for a single user and does not
support collaborative, distributed multi-user environments. Additionally, there is a need to further
validate the assurance of their model. Furthermore, the computation for object detection occurs
remotely on a web server rather than on the physical HoloLens device or an alternative edge device.
This raises concerns regarding operating in real-time environments with poor or insecure signals.
Several authors have proposed similar concepts on different platforms, including mobile devices,
web applications utilizing crowdsourced intelligence, and electrocardiogram headsets (e.g., [40,
51, 55, 56, 70, 80, 82, 101]). Abraham et al. introduced a HITL pipeline to enhance object detection
using drones and improve overall detection reliability [2]. Their autonomous system is designed
to adjust the level of human involvement based on perceived limitations in the drone’s detection
capabilities. However, their proposed technique lacks integration with a connected network of
detections for a shared perception system among multiple drones.

In 2022, Smith et al. developed a software application for the HoloLens 2 to assist in bridge
inspections, which primarily includes annotation and spatial markers for areas that need repair
[85]. However, the application is primarily driven by human input. Future research is discussed
in the next steps for the need to incorporate corrosion state and crack detection algorithms for
automated annotation. How objects are visualized on these systems can also impact a user’s trust
in the system. For example, Guan et al. developed an object detection application for the HoloLens
that visualizes detections with 3D bounding boxes but was only able to achieve 30 frames per
second (FPS) [34]. Their work extends some of the advancements in incorporating depth data from
AR headsets for object detection [3, 50]. However, all of these concepts were not HITL-focused or
capable of scaling to support multiple, concurrent users.

In addition, these prior works do not conduct evaluations to measure users’ trust or interpretabil-
ity of the systems. Wickramasinghe et al. discuss when users can see the output and outcomes
of a machine learning model through visualizations, it can enhance their understanding of how
the model works and the quality of its predictions [99]. For example, transparent visualizations
enable users to assess whether the model’s predictions align with their expectations or match
their domain knowledge. If users can interact with visual representations of the data and explore
different aspects of the model’s outputs, it enhances their involvement and confidence in the results.
Engaging visualizations can create a sense of ownership and collaboration between the user and
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the AI model [37, 59, 87]. Therefore, we sought to create transparent and interactive visualizations
in the development of our prototype.

3 Challenges and Key Insights
In this section, we explore the design challenges associated with developing a system that facilitates
extreme sensemaking, along with the essential insights that enable Ajna to effectively support
collaborative object detection, a fundamental capability for such a system.

3.1 Design Challenges
An initial attempt at designing a system to share detections might focus on merely packaging the
metadata of a detection generated locally by a device, such as the location, label, and detection
confidence, and sending this data on a network to others. This technique, however, would suffer
from the inherent challenges described below.

Challenge 1: Large-Scale AR Spatial Reference Is Non-Trivial.AR devices are designed to understand
and function in relatively small spaces, such as rooms and hallways.Their onboard SLAM techniques
are designed to isolate identifiable features of these spaces and to use them as static reference
points to orient the location of the device, and that of any holographic material present in this
environment [13]. This understanding can even be translated into “spatial anchors,” which can
be passed among similar devices to create a unified frame of reference to allow for collaborative
AR applications [17]. However, when the device is presented with larger spaces that exceed the
capability of its depth sensors and cameras to map a given space, the device must then rely on other
means to orient itself and share this orientation with others [54]. Some solutions to this problem
require special modifications to the environment (e.g., QR codes) or rely on matching outdoor
features to overhead satellite imagery [69]. This assumes that either the user is outdoors and/or
in an environment with these special physical modifications. Neither of these can be assumed if
the user moves between indoor/outdoor environments or is in a new area without pre-positioned
modifications. This problem prevents one or more users from establishing a common understanding
of a large-scale space and inhibits collaborative activities in these areas.

Challenge 2: Object Detection for AR Is Inherently Limited in Scope and Distance. Object detection
on AR headsets has the potential to revolutionize the field of enhanced sensemaking by providing
real-time, interactive, and immersive experiences that can help users understand complex data and
information. However, key technical challenges continue to exist preventing a refined capability.
One such challenge is a limited view range. A limited FOV can make it difficult to detect objects
outside the user’s line of sight. This physical sensor limitation of the device makes object detection
models struggle to resolve inference on small or distant objects due to limited resolution [32]. As
a result, object detection capabilities on most cameras including for AR devices lead to missed
detections and incomplete scene understanding [22, 39]. A wider FOV can make it more difficult for
users to focus on specific virtual objects or naturally interact with them. AR headsets can also face
challenges in object detection due to occlusions and object interactions, such as objects appearing
behind walls or interacting with each other. This can make it difficult to accurately detect objects
and understand the scene [23, 33]. Ultimately, the combination of these two challenges prevents
concurrent users from using efficient object detection collaboratively in AR.

3.2 Key Insights
Modern AR devices are designed to navigate their environments using a combination of SLAM
and information from an onboard suite of sensors that record the device’s motion and rotation
among other things, called an IMU [83]. This IMU records when the user moves forward, laterally,
or vertically (e.g., by using stairs), and this information is used to determine the user’s new position
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relative to the device’s understanding of its physical environment. If two or more devices share a
common understanding of a single point in a mutually understood physical space (e.g., a single
room), we can exploit this common reference by using the IMU data to measure the relative distance
from this waypoint as the user moves away from it. This suggests that we can overcome the large-
scale environment problem by allowing each user to move from this common spot, measuring the
distance they have moved in 3D, and permitting collaborative, accurate, and large-scale collaboration
in AR without QR codes or referencing satellite imagery addressing Challenge 1.

The computational limitations of AR headsets were observed in the Guan et al. study, which
is made worse by the multitude of sensors needed to support AR features [34]. The low quality
of depth images obtained from AR headset device cameras is a clear indication of this limitation,
which reduces the effectiveness of 3D object detection algorithms [93]. It has been demonstrated
that HITL learning greatly improves system performance by having a human expert help the
system adapt in real-time to new situations [100]. In particular, Razeghi showed that applying
HITL learning could improve performance in object detection systems in variable environments by
up to 25% [77]. Our crowd-in-the-loop method encompasses HITL learning within collaborative
AR spatial referencing, presenting a potential solution to key challenges in collaborative object
detection within AR contexts [18]. The use of Ajna by multiple users simultaneously for spatial
referencing widens the FOV for object detection. As more users connect through Ajna, it should
theoretically become possible to detect and share objects over a larger area [26, 102].

Furthermore, user participation makes accurate localization and timing for object detection
inferences possible. This capability simplifies occluded object location identification from the spatial
referencing associated with detections, thereby facilitating rapid scene understanding. Rapid scene
understanding can be especially helpful for detecting where objects of interest may be despite
not being in the immediate area, like those that are hidden by structural barriers, from a distance
through several walls, or on different floors of buildings. With this insight, we can overcome the
limitations proposed in Challenge 2.

4 System Design
In this section, we propose a design that addresses the challenges in Section 3.1 by exploiting the key
insights in Section 3.2. We first break down our design goals for the system, and core components
that were brainstormed for the concept, then detail our initial approach before implementation
similar to the guidelines presented in the Co-Creative Framework for Interaction design [78].

4.1 Design Goals
After analyzing related research, summarizing challenges, and evaluating key insights in Sections 2
and 3, we created the following design goals to explore the ability of AR devices for extreme
sensemaking.

(1) Scalability: Multiple, concurrent AR devices must form a P2P network to communicate spatial
maps (i.e., SLAM data), holograms, and object detection results. The AR devices and network
should be capable of supporting up to three to five devices at one time; theoretically more.

(2) On-Device Inference: Each AR device is capable of efficiently processing a frame from its
onboard camera, passing it to a pre-trained object detection model, and post-processing the
results of any detections that exist.

(3) Usability: The system must provide a UI that gives each AR user control in guiding when and
where to execute the object detection software, then how to communicate results to other
concurrent AR users part of the P2P network. This should be an intuitive HITL workflow
that enhances collaborative sensemaking and minimizes learning curves.
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(4) Trustworthy: The system should have reliable and optimized object detection models trained
on objects of interest per application context. The models should be capable of processing
frames accurately with a low false-positive rate to provide trustworthy insights that aid in
sensemaking.

(5) Modularity: Each AR device should have the option to swap out different object detection
models with others. Users should have the option to select different models in the UI. Re-
gardless of what model is used on the device, Ajna should still function as designed. This
design goal will support multi-modal inference for the system.

(6) Minimal Hardware: Other than a local network connection and the AR devices, no additional
hardware should be used to avoid the need for additional services or infrastructure. Also
allows the system to be agile and adaptable to extreme environments.

We require a design that can locate objects and share representations of them in 3D space at
distances beyond the same local area. Additionally, we need a system that can integrate the HITL
approaches needed to add human cognition and decision-making to this system by allowing human
choice and intervention. Each capability will be essential to the other (i.e., non-discrete; one cannot
exist without the other). After planning our design goals, we translated our requirements into three
core components that will be critical in our implementation. We summarize these components as
follows:

(1) SpatialSense: We capitalize on the use of the device’s onboard IMU to track the user’s move-
ment relative to a shared, common physical location. We use this location to infer the location
of any detected object relative to the user. This technique extends the device’s intended func-
tionality and allows for long-range indoor/outdoor tracking of detected objects by multiple
users.

(2) CoInferX (Collaborative Inference Experience): Multiple, concurrent users of AR headsets each
using Ajna to decide where to look and execute AI inference. The object’s location is spatially
recorded with its corresponding detection results by giving users control over when and
where to run object detection algorithms. This component is dependent on component 1.

(3) PercepShare (Perception Sharing Module): Each Ajna user is part of an integrated system.
When one user shares an object’s physical location and corresponding detection details
for something of interest, all users of the system can visually see the information. This
component allows users to see far-away objects through physical walls and ceilings that
would otherwise be undetectable in a large-scale environment, along with the most accurate
detection details inferred by other users. In the case of two or more users sharing the same
location, the system functions in the same way. This could be useful in environments where,
even when co-located, users may not be aware of the entirety of their surroundings. This
component is dependent on components 1 and 2.

We deliberately designed Ajna with a focus on software capabilities to ensure its applicability
in challenging environments if deployed to ruggedized AR devices. A key emphasis within Ajna
lies in its AI capabilities. We present greater detail in the design, implementation, and evaluation
studies for each of these components in Sections 5, 6, and 7.

4.2 Our Approach
We leverage the inherent functionality of AR devices in a way that extends the normal functionality
of the device and facilitates extreme sensemaking. We do not claim that any of these techniques
are in and of themselves a new invention, but a re-purposing of existing technology in a way that
uniquely meets a need that has yet to be realized.
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Fig. 2. This figure outlines the proposed software design required to address the challenges posed in Section 3.
In Step 1(a), Ajna users exchange an absolute spatial reference to a common physical point we refer to as
a “waypoint.” After recording each user’s relative distance from the waypoint, in Step 2(b), one Ajna user
detects an object and selects it for distribution to other users. In Step 3(c), users exchange information about
the location of the detection using their relative distance from the waypoint.

SpatialSense. To exchange the singular, absolute reference to physical space, we leverage spatial
anchors, an abstraction made possible by the ability of AR devices to sense and map a physical space
[64]. Each device creates, maintains, and exchanges these pieces of information differently, but the
end product of this exchange must be a coherent understanding of the physical environment on
two or more devices. We use this to establish the common “waypoint” as shown in Figure 2(a). This
waypoint must be generated from a common point, that both devices have observed and mapped.
This requires both devices to be in the same proximity. However, this common frame of reference
is not in and of itself sufficient for solving Challenge 1, and we require more information about the
movement of the user to locate them relative to this anchor.

Even with the waypoint, we do not yet know where each user is located in relation, especially
when the users move away from the waypoint and into areas obscured from each others’ view.
We now leverage the capability of the IMU on the device to measure the relative distance each
user travels after exchanging the waypoint in the same physical space. This exploitation of the
inherent functionality of the device is how we can exchange understanding of each user’s location
and set the conditions for extreme sensemaking. The combination of the waypoint and this relative
understanding of a user’s location solves Challenge 1.
CoInferX. Next as in Step 2 in Figure 2(b), we must detect objects of significance. While the

detection of objects in images has been studied extensively, as demonstrated in works such as [103],
the challenge in AR-specific research lies in transforming the 2D object detection results obtained
from these techniques into 3D space. To achieve this, AR devices offer a variety of tools. By utilizing
metadata from each captured image and the 2D location of the detected objects within the image,
it is possible to project these locations onto a 3D space, as demonstrated in previous AR-specific
research such as [13, 16]. Each captured frame contains metadata, known as CameraIntrinsics
[62], to take the 2D detection to three dimensions. Similar to how spatial anchors are transferred
between the host to client headsets, detection result holograms are also transferred. After a detection
is made and a 3D bounding box hologram is displayed, a user can interact with that bounding
box and then manually send it to other system users by tapping it. Additionally, using HITL, we
can determine which detected objects are important enough to justify sharing with other users,
increasing accuracy and limiting distraction. This technique is designed for stationary objects
like injured people. However, the user of the device can update the detection to account for the
motion of the object by re-detecting the object at a time of their choosing. Here, we continue to
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leverage the HITL techniques to allow humans the ability to decide when and where to update
these detections.
PercepShare. Finally, as in Step 3 in Figrue 2(c), we must exchange the detections, including the

relative position that is needed to justify the location in areas the other users may not have explored.
Design patterns such as cloud environments, near-field communications channels like Bluetooth, or
services like Wi-Fi are potential options. However, for our specific use cases outlined in Section 1,
it is important to select a communication channel with a sufficient range to communicate around
buildings or small outdoor areas without relying on internet access. A local area network appears
to be the most suitable choice. Wi-Fi offers the necessary range for small outdoor areas or single
buildings, and its infrastructure (i.e., Wi-Fi router) is portable enough to be carried or deployed
quickly by device users. The ability to share detections across large distances and to collaborate to
realize extreme sensemaking solves Challenge 2.

Taking these design considerations into account, we propose a system that leverages the unique
capabilities of AR devices to address the challenges presented in Section 3. This system will utilize
AR’s ability to comprehend physical space, coupled with state-of-the-art object detection models,
and supported by local area network systems.

5 Ajna Implementation
This section provides a comprehensive overview of the implementation details of the software that
we developed to address our system design goals. Additionally, we highlight how our framework
surpasses previous solutions that do not integrate human feedback. In Section 6, we elaborate on
our experimental setup that demonstrates the enhanced object detection accuracy and the novel
capabilities discovered through our shared perception system.

Spatial Anchor Distribution. Spatial anchors are tools used to create a joint, absolute understanding
of a 3D space between two or more devices [64]. In short, these anchors allow two or more users
to see the same synthetic object in the same place, regardless of differences in their individual
device’s understanding of their location. The first step in our design was to generate, transfer, and
incorporate these anchors.

While cloud-based tools such as Microsoft’s Azure Spatial Anchors (ASA) [17] exist to ease the
transfer of spatial anchors, these require a reliable internet connection. The motivating examples
discussed in our introduction to extreme sensemaking, Section 1, presented a scenario where
an active internet connection may not exist. Even if this assumption was inaccurate, using ASA
requires a paid subscription to Microsoft’s Azure cloud for each device. We believe not assuming
a live internet connection makes the prototype more flexible, as requiring only a working home
router is less of a requirement than expecting the device to have an active internet gateway. Keeping
this in mind, we choose to implement the spatial anchor transfer (and the subsequent detection
transfers) using only local data and connections.

We designed a server and client relationship for connections through simple socket program-
ming. One headset acts as the server with the associated IP address and listens for connection
client requests from a local network connection shared by all headsets. Once the host headset
receives a request for connection from a client, the host generates a spatial anchor using OpenXR’s
XRAnchorTransferBatch class [67]. The host then sends this anchor to the client over the socket
connection. By replacing a client’s spatial understanding, we can guarantee that all physical objects
perceived by multiple headsets of the network are anchored to the same physical location.

Object Detection and Transformation.Once a P2P network has been established and spatial anchors
are transferred between devices, we must provide a method for the device to create 3D object
detections. Users are provided a choice of interactable buttons to select what object detection model
they would run, either YOLOv2, Tiny-YOLOv2, Tiny-YOLOv3, or YOLOv4. Then, each headset will
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Fig. 3. Spatial anchor transfer of object detections.

load that model for their detection algorithm, and users can begin detecting objects of interest they
see automatically or manually. Ajna can be configured in the developer settings to run the object
detection model constantly if desired. However, the default setting allows a user to indicate when
to trigger the algorithm to detect by pressing a button in the UI.
Detection Distribution. This final step involves communicating the detection or detections pro-

duced on one device to another. This is done using Universal Windows Platform [66] and its socket
APIs. Each user is given the freedom to choose which detection they believe is important enough to
be distributed. They exercise this choice by selecting the detection using a point-and-click method
called an “Air Tap” [63]. Once chosen, the detection is then placed in a queue for transmission to
all connected, concurrent users.

In Figure 3, we illustrate this transfer. We can see User 1 detects the left chair with a confidence
of 90%, shown with a 3D bounding box. User 2 detects the right chair with a confidence of 77%
and is also shown with a 3D bounding box. User 1 then sends the detection of the left chair to user
2, which is received and shown with a blue bounding box. Both users in this test were using the
Tiny-YOLOv2 model. Deciding what object detection model to include in the prototype was one of
the biggest challenges we observed when we realized implementation would differ for each model
on the HoloLens 2.

6 Ajna Experiments and Results
Following the development of Ajna, we conducted multiple experiments to assess its potential
in extreme sensemaking with multiple concurrent HoloLens 2 users. Our primary objective was
to investigate the interplay of AI within a shared perception system, especially when utilized by
multiple concurrent HoloLens 2 users. We carefully selected these experiments to understand AI’s
opportunities and limitations in scenarios like SAR teams or other collaborative groups engaged
in sensemaking. Section 7 validates the effectiveness of Ajna through a usability study from the
perspective of a mock search and rescue scenario.

6.1 Software and Hardware Setup
We built the shared perception prototype in Unity 2020.3.16f1, using MRTK version 2.7.2 [65]. The
software was deployed on several Microsoft HoloLens 2 HMDs running Windows Holographic for
Business Build 20348.1528. All source code was completed in C#.
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Fig. 4. Distance and angle detection evaluation.

6.2 Aided YOLO Object Detection (Experiment 1)
In our first experiment, we aimed to evaluate the SpatialSense component of Ajna from our original
design goals in Section 4. SpatialSense was designed to improve the confidence and distance of
objects detected from an object detection model. To accomplish this, we conducted a coordinated
detection test in a small office room using three Microsoft HoloLens-wearing users (Agents) who
executed the same object detection model (Tiny-YOLOv2) from the prototype. The users circled a
chair located at the center of the room, with User 1 standing 5 yards away, User 2 standing 10 yards
away, and User 3 standing 15 yards away from the object, as shown in Figure 4. Our objective was
to observe whether the farthest agent who failed to detect the object (either User 2 or 3) would
receive the best detection from either User 1 or 2. We recorded the confidence levels observed by
each user every 60 degrees and presented the experiment results in Table 1.

User 1’s confidence levels varied with different angles despite standing at the same distance from
the object. However, they experienced the highest confidence level in detecting the chair compared
to Users 2 and 3. The majority of observations by Users 2 and 3 failed to detect the chair initially.
Despite this, User 1 chose to share their detection since they had the highest confidence with Users
2 and 3 regardless of their distance and angle. Our null hypothesis was therefore accepted, and we
conclude that users of the shared perception system can achieve the most accurate object detection
possible. We observed through the first evaluation of SpatialSense that an increase in the number
of users of Ajna can ensure that far-away users can still detect objects not originally seen and
with higher confidence. These phenomena may begin to address the original distance and accuracy
limitations for object detection cited in Section 2. As an initial response to our original hypothesis,
extreme sensemaking could be enhanced by a HITL component.

6.3 Multi-Modal Inference for Object Detection (Experiment 2)
Our second experiment aimed to investigate the potential of Ajna for enhancing context awareness
through the detection of different objects by multiple concurrent users. This experiment was
designed to test the modularity goal of the system for our three components. We conducted the
experiment in a residential setting, where three users wearing Microsoft HoloLens 2 detected
objects using different object detection models. Users 1 and 2 used Tiny-YOLOv2, while User 3 used
YOLOv4, which is capable of detecting up to 80 different objects compared to Tiny-YOLOv2, which
is limited to detecting up to 20 objects. Each user began in the center of a room, with each facing a
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Table 1. Shared Perception Detections

User Yards from
Object

Angle of Target Original
Detected
Confidence

Observed
Confidence
from User

Received from
User

1 5 0◦ 70% - No
1 5 60◦ 46% - No
1 5 120◦ 56% - No
1 5 180◦ 43% - No
1 5 240◦ 65% - No
1 5 300◦ 56% - No
2 10 0◦ 0% 70% Yes
2 10 60◦ 0% 70% Yes
2 10 120◦ 0% 70% Yes
2 10 180◦ 0% 70% Yes
2 10 240◦ 0% 70% Yes
2 10 300◦ 0% 70% Yes
3 15 0◦ 0% 70% Yes
3 15 60◦ 0% 70% Yes
3 15 120◦ 0% 70% Yes
3 15 180◦ 0% 70% Yes
3 15 240◦ 0% 70% Yes
3 15 300◦ 0% 70% Yes

different area that did not overlap with the others. Specifically, User 1 focused on the living room,
User 2 on the dining room, and User 3 on the kitchen. Upon detecting objects, each user shared
their detections with other connected users. Once all users detected most objects in their respective
areas, they turned toward the center of the room to observe all detections in the scene.

Our null hypothesis was whether the context awareness derived from object detections of a
scene could be enhanced if the objects were detected using differently trained models. Guided by
human input from our CoInferX component, we observed the detections and concluded that our
shared perception system was capable of enhancing context awareness from multi-modal models.
User 3 detected objects that Users 1 and 2 were not capable of detecting, but they were still able
to observe them. If each user used a model that could detect only one type of object, Ajna would
allow concurrent users to observe all detected types.

6.4 Tracking Fully Occluded Objects (Experiment 3)
Our third experiment aimed to evaluate the tracking capability of Ajna for objects with varying
degrees of occlusion, including complete occlusion. This experiment was designed to primarily test
our PercepShare component. During the development and testing of Ajna, we observed that spatial
anchors for a detection remained in place even when users moved away from the original detection
scene. To test the tracking capability of occluded detections fully, we conducted the evaluation
outdoors using three human users, each equipped with the same object detection model for persons,
namely Tiny-YOLOv2.

The experiment was conducted in the vicinity of a building in the real world. User 1 was positioned
5 yards away directly facing a person, while User 2 was positioned 10 yards away around the corner
of the building and observing the person who was partially occluded by the corner. User 3 was
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Fig. 5. Occluded object detection outside for shared perception in AR.

Table 2. Shared Perception Results for Occluded Detections

User Yards from Person Occlusion (%) Observed Detection
1 5 0 Yes
2 10 30 Yes
2 10 80 Yes
3 20 100 Yes

positioned on the opposite side of the building, 20 yards away, and had a completely occluded view
of the person observed by User 1. Our null hypothesis was that the shared perception system would
be capable of tracking partially or fully occluded detections from varying distances and angles.
Figure 5 illustrates the observations made by the human users in the experiment.

Based on the observations and results documented in Table 2, we can accept the null hypothesis
and demonstrate that detections made by Ajna can be tracked up to complete occlusion, even
in outdoor settings. Our study shows that occluded detections in AR can be successful, which is
particularly significant given that outdoor AR experiences are often considered subpar compared
to indoor environments, as suggested by several studies [48, 54, 73]. AR experiences in outdoor
environments are frequently affected by several issues, including inaccurate spatial anchors caused
by the limited range of depth sensors, and poor hologram visualizations due to changes in outdoor
lighting conditions, such as cloud cover. However, we found that the HoloLens 2 headset was able
to generate spatial anchors outside when it was in close proximity to physical objects, such as
buildings or cars. Moreover, we found that it was easier for the other connected headsets to calibrate
outdoors once the host headset shared its original spatial anchors. Nevertheless, to further evaluate
the design of our system and to provide a qualitative assessment, we conducted an empirical study
that is detailed in the next section.
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7 User Study and Results
Our IRB-approved usability study consisted of 15 participants and was designed to (1) test the
feasibility of Ajna for extreme sensemaking and (2) determine its usability.

7.1 User Study Design
All participants were recruited using our department’s graduate student e-mail mailing list and
using distribution lists created for our research center’s mailing lists. Participants were given a
written consent form for review and signature prior to any testing and were screened to ensure
each participant was 18 or older. Participants were randomly grouped for each session in groups
of three. Three is a common, minimum number required for a team of rescuers in a confined
space [30]. Participants completed a pre-survey that recorded their gender, age, and familiarity with
the research facility, AR devices, and the development of AI models/applications. Before testing,
each participant was given a 10-minute tutorial on AR gestures specific to the HoloLens 2 and
instructions on fitting and operating the device.

We designed the study around a mock search and rescue scenario. Search and rescue is very
collaborative among a team of rescuers and aims to quickly locate a person in need of assistance [88].
As such, participants needed to work as a team to quickly locate an individual somewhere between
two floors in a controlled research facility (an office building). One researcher acted as the help-
seeker hidden in the building. The locations were the same for each group of participants.

The study used a within-subjects experiment design. For the first test, each participant needed
to use the headset’s object detection capability (using the model Tiny-YOLOv2), which created a
3D hologram bounding box around the help-seeker once identified. The test ended when all three
participants found and detected the help-seeker. Then, the same three participants were asked to
complete the same test without using the AR headsets. The second test without the headsets was
deliberate to gauge the difficulty of finding the help-seeker without Ajna. Each participant had to
work independently as a rescuer to find the help-seeker and collaborate with each other until all
three rescuers met to help the individual. During the test without AR headsets, an online audio
meeting was set up so that participants could talk with each other and evaluators could record how
the rescuers collaborated without the detection sharing capability through physical space.

After completion of testing, participants completed a 7-question post-survey using a 5-point
Likert scale [60] focused on their perception of the performance of the prototype as it was running
during their testing. The questions are presented in Section 6. In addition, we also asked participants
open-ended questions to collect data on their opinions on the modular potential of different models
used for Ajna. We wanted to ensure all the participants practiced and used Ajna several times so
they understood how shared perception could be used.

The evaluation included 15 participants ranging in age from 19 to 44 years old, including 3
women and 12 men. Five reported never having used AR technology before, while the rest stated
they had used it “once or twice” or “3 to 10” times. All were graduate students at our university with
no prior search and rescue experience. Before collaborating with search and rescue professionals to
test Ajna, we first wanted to sample opinions of our work in academia to gain initial feedback.

7.2 Feasibility of Ajna
We conducted a further evaluation of our prototype by assessing its ability to meet the design goals
described in Section 4, as well as its potential to enhance extreme sensemaking as hypothesized. It
is important to note that during the user study, two participant groups encountered unexpected
technical issues with the P2P connectivity of the headsets, which resulted in the need to repeat the
first test after resolving the issue and finding the help-seeker.
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Table 3. Timed Results (in Minutes)

Ajna Control Avg Decrease
Group 1 3.43 4.09 −19.24%
Group 2 4.07 4.48 −10.07%
Group 3 8.49 9.43 −11.07%
Group 4 4.52 5.35 −18.36
Group 5 3.59 4.15 −15.6%

Table 4. Mean Task Completion
Time (in Minutes)

Mean 95% CI
Control 5.61 3.82–7.40
Ajna 4.89 3.24–6.54

Table 5. Results of Paired T -Tests on Difference in Mean Task Completion Times

Metric t-value p-value LB 95% CI UB 95% CI Effect Size d
Control/Ajna −8.18 0.00044 −2.57 2.57 3.34

To investigate the impact of collaborative sensemaking, we conducted a user study to evaluate the
effectiveness of Ajna in facilitating communication sharing of detections and contextual information
on how to detect objects. We measured the time taken by participants to find the help-seeker, with
and without using Ajna. Table 3 presents the timed results for both scenarios. The results indicate
that participants took about 1 minute longer on average to find the help-seeker without using Ajna,
resulting in a 15% increase in time. However, once one participant detected the help-seeker using
Ajna and shared the detection with other rescuers, the remaining searchers could instantly see the
location of the help-seeker, including the floor level and side.

Tables 4 and 5 present the results of a paired t-test to examine the impact of using Ajna in finding
the help-seeker. Since the data were normally distributed, a significant difference (p = 0.0004) and a
large effect size (d = 3.34) were observed, indicating that Ajna had a positive impact in reducing
the time it took participants to find the help-seeker. It is worth noting that a delay of even 1 minute
in responding to emergency situations can result in a 2% increase in mortality depending on the
severity of the injury [71]. Thus, the potential of Ajna in improving search and rescue applications
is promising.

The ability of participants to complete our tests faster depended on their observation of the
detections sent to each other, which required them to view objects through physical walls and
ceilings of the office environment. Participants conveyed their opinions on this research question
through our post-survey after the tests. The survey revealed that 89% of participants found this
capability enhanced their situational awareness, while 83% felt more confident in locating a help-
seeker while using Ajna. This indicates that humans experience an increase in situational awareness
or confidence when objects of interest are tracked through solid objects. Further details on the
answers from our post-survey are provided in the next subsection.

In our user study, Figure 6 presents an example of a trial group and the various observance stages
that participants followed to locate a help-seeker. Participants periodically captured images during
the tests to validate the study’s observations. Once one rescuer detected and sent the location of
the help-seeker, the other rescuers could immediately understand where to proceed. For instance,
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Fig. 6. User study example of mock search and rescue.

in Figure 6(b) and (c), User 2 observed the bounding box of the help-seeker through the building’s
ceiling and instantly knew they were on a floor above. Similarly, in Figure 6(e), User 3 observed the
bounding box through the walls of the building and proceeded to the correct area.

7.3 The Impact of IMU Drift
The PercepShare component of Ajna relies on the embedded IMU to measure the distance each
agent has moved from the mutually agreed waypoint. During our evaluation, participants noted
differences in the location of the hologram sent from the participant who found the “victim” to the
ones received by the other members of the group. These differences happen due to variance in the
spatial measurements of the device IMUs, a phenomenon called IMU drift. This effect is discussed
in more detail in other work (e.g., [92]).

Here, we seek to measure the impact this drift has on Ajna by empirically comparing the location
of the original object detection to the location perceived by the other devices. For this evaluation,
we used the same test site, detection locations, and distances as the original study. After sharing
spatial anchors, an object detection was generated by one participant and sent to a second device
at varying distances in the building. In alignment with the methodology of the original evaluation,
this experiment was carried out across various floors within the building. The vertical distance was
assessed within the building’s architecture, which may result in a measurement slightly shorter than
the building’s true vertical extent. After receiving the hologram, the second participant moved to the
hologram’s location, as Ajna had shown them. After arriving at the location shown by the hologram,
both participants measured the distance between the two holograms using an XY-coordinate grid
in centimeters as a backdrop behind the detected object to determine the impact of the IMU’s drift.
Table 6 outlines the results, and we offer a more detailed discussion of the impact of these results
in Section 8.3.

Based on the impact of IMU drift observed in our study, we find that the effect of drift becomes
more pronounced with increasing distance between the sender and receiver of a detection. This
drift can be particularly problematic in contexts where precise localization is critical. For instance,
in scenarios such as firefighting in a large, multi-level building, even a small error in localization
could lead to significant delays or missteps, potentially endangering lives. In these situations, the
IMU drift cannot be ignored and must be addressed to ensure accurate and reliable localization.
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Table 6. Impact of IMU Drift

Floors between
Participants

Vertical Distance
between

Participants (in m)

Lateral Distance
between

Participants (in m)

Drift (in cm)

0 0 5 0.447
0 0 13 0.96
0 0 26 1.8
0 0 36 0.427
1 3.2 5 16.06
1 3.2 13 11.2
1 3.2 26 11.4
1 3.2 36 8.21
2 6.4 5 10.8
2 6.4 13 11.6
2 6.4 26 7.62
2 6.4 36 11.42

However, a certain amount of drift might still be acceptable in contexts where vertical elevation
change is the primary concern, such as distinguishing between different floors. If the drift indicates
a different floor, the receiver can reasonably interpret the target detection as being on another
level, which maintains a level of utility despite the drift. One potential solution is to implement a
threshold-based adjustment for spatial anchors to mitigate the drift in high-precision scenarios.
An additional localization adjustment could be applied when the distance between the sender and
receiver exceeds a certain threshold. This adjustment could add or subtract a calculated difference
to the spatial anchor to compensate for the drift. However, this method would require further
testing to determine the appropriate thresholds and calculations needed to effectively mitigate the
drift based on the distance between the sender and receiver.

7.4 Usability of Ajna
To explore the usability of Ajna for assisting in sensemaking, we conducted a post-testing survey
to assess the device’s usability among participants. The survey consisted of the following questions,
and the responses were rated on a 5-point Likert scale ranging from 1 (Strongly Disagree) to 5
(Strongly Agree).

(1) The search and rescue exercise was difficult without the AR headset.
(2) The search and rescue exercise was stressful while using the AR headset.
(3) The object detection capability in the AR headset helped me be aware of the situation.
(4) The system distracted me from locating the help-seeker.
(5) I felt more confident I would locate the help-seeker when wearing the AR headset.
(6) I found the system interface easy to understand and use.
(7) I liked being in control of when and when not to enable object detection.

The results of our post-testing survey, which aimed to investigate the usability of Ajna in
supporting sensemaking, are presented in Figure 7. Notably, 93% of participants responded with
“Strongly Agree” or “Agree” to Questions (3) and (5), indicating a strong belief that Ajna enhances
situational awareness. Furthermore, 80% of participants responded with “Strongly Agree” or “Agree”
to Question (7), suggesting a preference for a HITL component in a shared perception system.
Our findings support the conclusion that Ajna aids in object detection and enhances situational
awareness. Moreover, none of the participants found the prototype to be distracting during their
interactions with their partners, as indicated by the fact that no one selected “Agree” or “Strongly
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Fig. 7. Likert questionnaire results.

Table 7. Result of SUS Test

ID Gender SUS Score (Rank)
P01 Male 91 (A+)
P02 Male 100 (A+)
P03 Female 91 (A+)
P04 Male 91 (A+)
P05 Male 86 (A+)
P06 Female 86 (A+)
P07 Female 74 (B)
P08 Male 80 (A−)
P09 Male 74 (B)
P10 Male 80 (A−)
P11 Male 88.5 (A+)
P12 Male 68.5 (C)
P13 Male 97 (A+)
P14 Male 74 (B)
P15 Male 40 (F)

Agree” for Question (4). In addition to the Likert analysis, we further evaluated the participants
from a SUS test [10]. Table 7 summarizes the SUS scores of each participant.

The average score and its 95% CI among all the participants were 81.4 ± 7.41. Based on acceptable
ranges [6], 13 out of 15 participants evaluated Ajna as acceptable, while 2 participants (P12 and
P15) evaluated it as unacceptable. Low-scored participants mainly pointed out the difficulty in
interacting with the UI and learning how to use Air Tap on the device [63].

7.4.1 Observations and Feedback. After the seven survey questions, participants were also
prompted with three open-ended questions. This gave participants a chance to provide additional
thoughts on using Ajna for SAR applications as well as feedback on the overall study. Below are
the three questions asked:

(1) What did you like about the experiences?
(2) What could be improved about the Shared Perception software you used during this study?
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(3) Are there any other applications of this technology (besides search and rescue) that you
think could be helpful?

Users Preferred Using Ajna over Nothing to Assist in Sensemaking.Thirteen out of the 15 participants
provided positive feedback regarding their preference for using Ajna over not for the first question.
(The other two participants did not answer the question.) Some felt it was the best way to test
the system, while only a couple of participants thought the system needed to be improved more.
P04 perceived the ability of Ajna to smoothly track occluded people as very novel, stating, “The
ability to see locations of detections sent from my team through the ceiling was amazing!” Some
participants noted that this capability greatly assisted in sensemaking in unknown environments.
For example, P05 stated, “We thought it was very useful for finding people when they don’t know
the building environment,” and P14 said, “It is a very efficient solution for search and rescue in
an unknown territory.” Other participants noted that using Ajna with others was critical in more
efficient collaboration compared to without the headset, such as P07, who stated, “I liked the
enhanced intelligence that using the AR device provided me in the search and rescue operation.
Having a device to fall back on for critical information that can be shared with peers proved helpful
in specific scenarios where I myself got lost in the mission.”
Users Wanted Enhanced Communication and a Smoother UI. For the second question, 14 out of

the 15 participants provided constructive feedback on how to improve Ajna for a more intuitive
experience. Most feedback was related to further enhancement in how communication is relayed
in the P2P network. Participants thought the exercise could have been smoother if Ajna assisted in
sensemaking for contexts where reliable internet could be available, such as urban environments.
For example, P04 stated, “The connections seemed to be unstable sometimes between the headsets.
Maybe use the cloud instead of a peer-to-peer network?” P06 stated, “I think stability should be
improved,” and P14 said, “User experience can be improved by making software smooth.” Other
improvement ideas were related to revising the UI and replacing the Air Tap interactivity with
button pressing instead. P07, P11, and P13 all provided the same idea of some kind of notification
to pop up when a fellow rescuer sent a detection for others to see. P07 said:

It would certainly help to inform all peers when a new target of interest has been identified and
marked by a peer. Peers don’t get to know that such a new object has been identified. This has the
potential to speed up intelligence sharing and could help optimize SAR operations by other peers
involved in the current mission.

While P11 suggested that the notification be some kind of audio sound instead of a visual
notification, “An audio ping should be played when a fellow rescuer sends us a detection.” And P13
stated “There could be a notification marker that automatically tells all the users that the target has
been detected and marked.” Some users had difficulty using Air Tap as a means to interact with the
UI, such as P10, who stated, “Mainly the UI should be improved. Especially the UI to broadcast the
location to others using Air Tap.” And P15, who stated, “The pinch functionality to mark the target
was difficult to use.”

Users Proposed Other Applications on How Ajna Could Be Used to Help Others. Ten of the 15
participants provided additional application ideas for which Ajna could be used. Five participants
chose not to answer. Most ideas given were different variations of Ajna that could be used for
interactive gaming; for example, P05 mentioned Pokemon Go as an inspiration, and P13 suggested
tourism applications. Other ideas related to use for industries or activities similar to our original
ideas. For example, P04 mentioned law enforcement, and P14 said, “It can be used to identify objects
or avoid barriers for people with a disability. Also, it can help military defense by predicting an
enemy soldier’s movement.” P06 and P11 thought of other practical use cases for manufacturing
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and civil infrastructure repairs. P11 elaborated, “If the location and data of each component are
saved on Ajna, it can be used for detecting objects behind the wall that require repair, for example,
pipes.” P06 said:

Ajna would be perfect for smart warehouses or Internet of Things use cases. The synchronized
devices of multiple users could help increase the productivity of warehouse workers or factory
technicians to keep a tab on certain time-critical operations that need constant supervision and
corrective action.

8 Discussion
In the first evaluation study, we conducted three system experiments on Ajna’s capability in extreme
sensemaking with object detection. Based on the quantitative results and user observations, we
summarize the findings by usability, future applications, and notable limitations.

8.1 Usefulness of Ajna
In the second evaluation study, we confirmed that Ajna enabled participants physically spread
throughout a large multi-floor building to efficiently track objects of interest faster than without the
system. Quantitative and qualitative feedback suggests that the users also gained confidence and
trust in Ajna to quickly navigate to a victim of a mock SAR once a detection was distributed from a
fellow rescuer. The results from our research validate similar results found in a previous study by
Fisher et al. [29]. Their work highlighted that distributed sensemaking, enabled by shared mental
models, communication networks, and the use of digital technologies, improved a team’s ability to
interpret complex situations, coordinate actions, and adapt to dynamic environments. The authors
evaluated their work through a qualitative research approach similar to ours but investigated the
interactions and sensemaking processes. Ultimately, they concluded that distributed cognition
provides a mechanism for leveraging collective intelligence and expertise, leading to more effective
sensemaking and decision-making in high-pressure contexts.

While their research focused on interactions and sensemaking processes, without the inclusion
of AR or AI platforms in their collaborative technology, we can infer similar usability enhancements
from Ajna based on our Likert results and initial SUS scores. Our evaluation indicates that Ajna’s
overall usability metric surpasses nominal levels, with the PercepShare component receiving
particularly positive feedback for its role in sensemaking and knowledge distribution among
rescuers, even in scenarios with complete occlusion. We rank our sensemaking application on the
HoloLens 2 against others in similar problem spaces in Table 8.

We conclude that Ajna advances usability in intelligent systems for extreme sensemaking
scenarios. All applications listed in Table 8 are wearable sensemaking applications for AR except
the “Rapid Assessment” and “MARLIN” tools. Defined as scalable, Ajna supports increasing numbers
of concurrent users, thereby amplifying the collective cognitive process. As an AI-centric platform,
it utilizes IMU data in combination with AI to deepen distributed cognition. This system is designed
to be self-contained and function independently without requiring additional equipment or external
support. Additionally, Ajna incorporates a HITL approach, allowing users to interactively validate or
communicate AI-driven findings. This integration not only enhances the accuracy and effectiveness
of the sensemaking process but also ensures that the system remains adaptable and responsive to
real-world user interactions and environments.

8.2 Broader Applications
Our shared perception system offers numerous potential applications beyond the search and rescue
scenarios explored in this study. One potential application is in the field of physical security or
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Table 8. Sensemaking Applications for AR

Application Year Device IMU Scalable HITL AI-Integrated Self-Contained
BARS [43] 2000 Glasstron Ø
Rapid Assessment [45] 2007 Emulator Ø
The Prototype [38] 2019 HoloLens Ø Ø
Inspector Assistant [46] 2019 HoloLens Ø Ø Ø
MARLIN [4] 2019 Smartphone Ø Ø
CollabAR [53] 2021 Magic Leap Ø
SAVE [58] 2022 HoloLens Ø Ø
WIRMS [85] 2022 HoloLens Ø Ø Ø
DeepMix [34] 2022 HoloLens Ø Ø
X-AR [9] 2023 HoloLens Ø
IVAS [84] 2023 HoloLens Ø Ø Ø
MARS [47] 2023 HoloLens Ø Ø Ø
Live Tracker [12] 2023 HoloLens Ø Ø Ø
Ajna 2024 HoloLens Ø Ø Ø Ø Ø

law enforcement, where the system could aid in stealthy infiltration of indoor spaces. For instance,
some officers could use Ajna to detect and locate the positions of hostile targets within a building,
create bounding boxes around them, and then share that information with other officers about to
enter the building from the other side, thus increasing their situational awareness and reducing the
risk of injury or ambush.

Another potential application is in wildlife detection and tracking, where Ajna could provide a
unique platform for enhancing situational awareness for safari explorers or park rangers. Multiple
explorers or rangers could spread out in a wildlife area, each using a headset to detect different
species of animals and then share those detections with others through the shared perception
system. This way, all users of the system could quickly locate animals in the area, potentially
reducing the time and effort needed to track and monitor wildlife.

Moreover, our shared perception system could have applications in disaster response, where
multiple search and rescue teams could use the system to coordinate their efforts and share
information about the location and status of survivors. It could also be useful in infrastructure
inspection or maintenance, where multiple inspectors could use the system to detect and locate
damaged or malfunctioning equipment, share that information with others, and facilitate more
efficient and accurate repairs. Water treatment systems may be a good example of how to test
Ajna for civil infrastructure applications. Several AI models exist to detect corrosion or cracks in
pipes [49, 72]. However, AR has only been used so far to enhance the information available to
repair workers such as overlaying real-time sensor data, like water flow rates, pressure levels, or
temperature readings, onto the physical infrastructure [68]. No examples have been found that use
AI as well for these AR contexts.

Overall, the potential applications of our wearable shared perception system are numerous, and
the system could be adapted to various contexts and fields, making it a promising platform for
enhancing sensemaking in a variety of settings with extreme conditions. Further research and
testing are needed to explore the feasibility and effectiveness of using Ajna in these contexts.

8.3 Limitations and Future Research
Our research with Ajna revealed several limitations impacting the user experience and effectiveness
of the system. These limitations, along with potential solutions and future research directions,
are detailed below. Our future efforts will focus on adopting and developing robust AI assurance
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methods. This approach aims to enhance the reliability, transparency, and explainability of Ajna’s
AI-driven functionalities, fostering greater confidence and trust among users. Advancing these
methods will also contribute to more predictable and understandable AI behaviors, addressing
concerns highlighted in our findings.

—Object Detection Model Constraints: The object detection models used in Ajna, particularly
on the HoloLens 2, showed limitations related to model size. Larger models were found to
negatively impact the FPS of detection and increase system latency, affecting the overall user
experience.We recommend using smaller models, such as Tiny-YOLO, for optimal performance
when edge or cloud computations are not feasible. Future research could explore more efficient
object detection models for AR environments.

—Depth Estimation Accuracy: Depth estimation for creating 3D bounding boxes sometimes
suffered from accuracy issues, leading to reduced confidence among users. This was partly
due to how the depth sensor array interacts with objects and the user’s perspective. As
a workaround, we hard-coded default depths for certain object classifications, but more
systematic improvements are needed. Future research should focus on enhancing the accuracy
of depth estimation in AR.

—Elevation Change Detection with HoloLens 2: As shown in Section 7.3, the measured spatial drift
between object detection generally increased as the distance and elevation changed between
evaluation participants. At its maximum, this results in only between 11 cm and 16 cm of
drift between detections. These differences may be attributed to the physical gyroscope in the
HoloLens 2, which requires time to adjust to changes in vertical elevation and the natural
drift noted in IMU measurement over distance [19, 44, 92]. Given the outsized impact of the
elevation changes specifically, one solution could be to add an altimeter to the prototype to
aid in the estimation of vertical elevation change. However, as a prototype designed to explore
the feasibility of extreme sensemaking in AR, we leave this to future work.

—Challenges in Outdoor Settings: Experiments in outdoor settings highlighted difficulties with
spatial mapping and object detection due to variable lighting conditions and the need for
physical reference objects [48, 54, 73]. Improving the performance of the HoloLens sensors in
such environments is a key area for future research.

To summarize and validate our findings, our future research will focus on two areas to enhance
our shared perception prototype:

(1) Comprehensive Collaborative Sensemaking Study: We plan a larger user study to evaluate
collaborative sensemaking with a significant HITL component. This involves extending our
network of connected HoloLens 2 headsets for more concurrent users, allowing us to test
crowdsourced methodologies for managing shared detections and analyzing information flow
and collaboration patterns through network analysis. Incorporating context-driven AI could
improve the relevancy of information in various environments, especially in minimizing
less pertinent outdoor settings. By tailoring AI responses to specific contexts, it may ensure
that the system’s insights are directly applicable to the users’ immediate circumstances.
Collaboration with search and rescue professionals will also offer practical insights into
Ajna’s application, ensuring the system’s design and functionality meet the nuanced demands
of real-world rescue scenarios.

(2) System Improvement with AI Assurance: The opaque “black box” decision-making of AI
models like YOLO challenges user trust and understanding, highlighted by frustrations
despite human–AI collaboration enhancements [41]. Addressing this, our future direction
includes developing XAI components for AR object detection to foster user interaction and
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trust in Ajna. Concurrently, we plan to refine the system by adjusting detection confidence
levels through user feedback while managing multiple inputs for identical detections. This
strategy will likely explore existing and new AI Assurance principles to improve the system’s
trustworthiness and explainability for shared perception systems [7].

While Ajna has demonstrated its potential in enhancing extreme sensemaking, these limitations
and future research directions highlight the need for ongoing development to refine and expand the
system’s capabilities. Addressing these challenges will be crucial for advancing Ajna’s effectiveness
and broadening its applicability across various scenarios.

9 Conclusion
Extreme sensemaking is the act of sensemaking performed under extreme conditions, such as
navigating a partially collapsed building post-earthquake, requiring quick decision-making for
locating survivors. This article presents Ajna, a novel shared perception system for enhancing
extreme sensemaking through collaborative object detection by leveraging the expertise of a HITL.
Our article offers the following key findings and contributions. First, Ajna leverages shared spatial
AR references with minimal drift without relying on QR codes, additional edge hardware, or cloud
services, ensuring smooth tracking of occluded objects. Second, a user study-based evaluation of
Ajna with 15 participants in a simulated search and rescue environment demonstrated a significant
decrease in task completion times; i.e., a 15% reduction in victim locating time. Third, the user study
also showed that 89% of participants reported enhanced situational awareness when using Ajna,
and 13 out of 15 participants found Ajna acceptable in terms of usability.

Ajna represents an AR technology advancement for extreme sensemaking, offering promising
applications in search and rescue operations, law enforcement training, and complex navigation
tasks.These findings expand the boundaries of interactive intelligent systems and introduce exciting
possibilities for applying our novel approach across diverse domains.
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