

  applsci-15-11498




applsci-15-11498







Appl. Sci. 2025, 15(21), 11498; doi:10.3390/app152111498




Article



EasyVizAR: Supporting First Responders Through the Use of Collaborative Augmented Reality Tools



Kevin Ponto 1,*,†, Lance Hartung 2, Yuhang Zhao 2, Bryce Sprecher 1, Ross Tredinnick 1 and Suman Banerjee 2





1



Wisconsin Institute for Discovery, University of Wisconsin-Madison, Madison, WI 53706, USA






2



Department of Computer Sciences, School of Computer, Data & Information Sciences University of Wisconsin-Madison, Madison, WI 53706, USA









*



Correspondence: kbponto@wisc.edu; Tel.: +1-(608)-316-4330






†



Current address: Wisconsin Institute for Discovery, Room 3176, 330 N. Orchard Street, Madison, WI 53715, USA.









Citation: Ponto, K.; Hartung, L.; Zhao, Y.; Sprecher, B.; Tredinnick, R.; Banerjee, S. EasyVizAR: Supporting First Responders Through the Use of Collaborative Augmented Reality Tools. Appl. Sci. 2025, 15, 11498. https://doi.org/10.3390/app152111498



Academic Editor: Luis Javier Garcia Villalba



Received: 21 September 2025 / Revised: 17 October 2025 / Accepted: 21 October 2025 / Published: 28 October 2025



Abstract


First responders operate in high-stakes environments, demanding rapid, accurate decision-making. Recent research has provided recommendations on how Augmented Reality (AR) could be utilized to support their efforts. Building off of these studies, this paper presents EasyVizAR, an AR system designed to enhance situational awareness and operational efficiency in challenging indoor scenarios. Leveraging edge computing and advanced computer vision techniques, EasyVizAR addresses critical challenges, such as object detection, localization, and information sharing. This research details the system’s architecture, including its use of ParaDrop-based edge computing, and explores its application in rescue and active-shooter scenarios. We present our work in developing key features, including real-time object saliency cues, improved object detection, person identification, multi-user 3D map generation and visualization, and multimodal AR navigation cues.
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1. Introduction


First responders face immense pressure in emergency situations, requiring split-second decisions that can determine life or death. The complexity of these scenarios, particularly in indoor environments characterized by limited visibility, restricted localization, and lack of accessible maps, underscores the need for innovative technological solutions. A common problem during these situations is the ability to effectively communicate pertinent information with several colleagues within the hazardous environment. This can be due to both physical challenges, for example, dangerous hazards, such as fire, or physical obstructions, such as large crowds, as well as technological challenges, such as radio communication interference or lack of internet connectivity [1]. These challenges can, in-turn, have negative mental health effects on first responders [2].



Over the past ten years, new technologies in the fields of virtual reality, augmented reality, digital twins, computer vision, wearable technologies, and edge computing have emerged through lower-cost, consumer-available hardware and devices. These advancements have created new opportunities for developing applications, using these technologies, to benefit first responders [3,4,5,6]. Among several emerging technologies, augmented reality (AR) and edge computing serve as two technologies that could bring some of the greatest benefits to first responders. AR brings the possibility of adding supplemental information to a first responders’ visual field of view, thus helping them with decision making in challenging environments. Edge computing serves as the central technology for sharing information between peers in the hazardous environment.



Another recent technological development comes from Vision Transformer (ViT) models, which have recently demonstrated significant potential in tackling complex computer vision tasks, particularly open-set object detection. Innovative methodologies, such as Grounding DINO [7], integrate language features derived from textual prompts to guide visual feature inference, enabling zero-shot detection of arbitrarily specified objects. This capability holds significant promise for emergency response scenarios.



Insights gained from interviews with public safety professionals [8] demonstrate the potential to deploy language-driven object detectors in a variety of challenging emergency situations. This approach offers the flexibility to adapt to diverse scenarios without the need for extensive model retraining. For instance, during a fire incident, the object detector could be prompted to identify doors and windows, crucial escape routes within a smoke-filled environment. Similarly, in a rescue mission, the same model could be tasked with identifying a specific individual based on a descriptive prompt of their appearance.



This language-driven approach significantly simplifies tasks that are traditionally cumbersome with closed-set object detectors, such as those trained on the COCO 80 object classes. These conventional models require extensive retraining to recognize new object classes, whereas ViT models like Grounding DINO offer the adaptability to respond to dynamic and unpredictable emergency situations through simple textual prompts. This capability enhances situational awareness and operational efficiency, providing critical support to first responders in time-sensitive and high-pressure environments.



Augmented Reality (AR) offers a promising avenue to enhance situational awareness by overlaying critical information onto the user’s real-world view. Recent work has shown the possibilities of using AR to augment the needs of first responders [8,9,10]. These papers help to define the needs of these groups, providing guidelines on how AR systems should be designed to meet these users needs. In this paper, we aim to turn these recommendations into a reality.



This paper introduces EasyVizAR, an end-to-end AR system designed to address the challenges faced by first responders, focusing on indoor fire rescue and active-shooter scenarios as case studies. In particular, the developed technologies aim to support novel methods for object detection, localization and navigation, and information sharing and collaboration. In the sections below, we discuss the implementation of these technologies, as well as technical challenges and opportunities.




2. Related Work


Prior research has addressed key challenges faced by first responders, focusing on situational awareness and communication. Studies show that maintaining situational awareness is a significant challenge for all first responders due to dynamic and unpredictable environments. For example, paramedics struggle to track the latest information on victims in mass-casualty events, while firefighters often operate in low-visibility conditions caused by heavy smoke and steam, forcing them to navigate blindly by touching and counting walls [11,12,13]. Communication is another persistent problem, as traditional land mobile radios have limited bandwidth and are prone to signal interference. Furthermore, verbal communication often fails to effectively convey visual information, like maps, hindering a shared understanding of a scene [14,15].



While some research has explored the use of technology by first responders, the application of augmented reality (AR) has been limited. Early studies often asked participants to imagine the experience of using AR glasses, rather than providing hands-on experience [16,17]. The few works that did involve a physical device, such as the study with the Recon Jet eyewear [18], used technology that functioned more like an external phone screen than a true AR display. These devices required users to repeatedly shift their attention between the screen and the physical world, highlighting a major limitation and leaving a gap in understanding how modern AR head-mounted displays could be used.



Extensive efforts have been made to create AR systems for first responders, but most have focused on handheld AR on mobile devices [19,20,21,22,23,24,25]. While systems like THEMIS-AR [22] and others have shown promise by overlaying contextual information onto a smartphone camera’s video stream, they force users to occupy one of their hands and constantly switch their focus between the screen and their surroundings.



In contrast, head-mounted AR frees a user’s hands for critical primary tasks and avoids these attention shifts. However, a small number of studies have explored head-mounted AR for first responders [26,27,28,29]. These works typically focus on the technical framework and development of a system. Another example comes from Nelson et al., who utilized a user-centered approach to design head-worn AR tools for triaging [30].



More recently, teams have worked with first responders directly to better understand how to build effective solutions for their particular needs [8,9,10]. Additionally, recent work has demonstrated the utilization of AI and audio to support first responders in an Extended Reality (XR) scenario [31]. Finally, another recent example of collaborative XR for first responders include a study by Wilchek et al., which equipped canines with AI-powered cameras to enable precise and rapid object detection to improve survivor localization [32].




3. System Architecture


EasyVizAR leverages edge computing to address the computational demands of AR applications. By offloading computationally intensive tasks from the head-mounted AR device to nearby edge nodes, we reduce battery drain and thermal issues. We employ ParaDrop [33], a lightweight, containerized edge-computing platform, to provide flexible and efficient processing capabilities. This distributed architecture is crucial for supporting real-time object detection, image processing, and 3D map generation. A conceptual diagram of the EasyVizAR system can be found in Figure 1.



3.1. Edge Node


The goal of the edge node is to act as a central hub for data and computing. We utilize ParaDrop, a rugged, battery-powered unit that can be left in the emergency response vehicle or carried on site to provide cross-agency edge-computing support for collaboration in AR. ParaDrop uses containerization technologies to dynamically instantiate computation in a highly programmable manner. It uses a lightweight hardware footprint, such as common WiFi Access Point nodes, which can be augmented with additional hardware modules, such as NVIDIA Jetson to include GPU functionality and provide rich computational support. Finally, it provides specific access to multiple wireless access technologies (WiFi, Bluetooth, etc.) to allow for flexible interactions.



The edge node is tasked with providing security and collaboration capabilities that simplify access and sharing among multiple personnel in an easy and seamless manner. The edge node is first responsible for maintaining a list of active devices for which data will be acquired from and be pushed to. The edge node also provides web hosting to enable offsite personnel to view and interact with the system in real time. Data collected between devices is used to build a floor plan/map of the space. Onsite or offsite users can add labels to this map in real time. The edge node is responsible for ensuring that this information is distributed to all devices in real-time.



Additionally, the edge node can augment the computing capabilities of the AR devices. This enables operations to be performed that could not be performed on the device itself due to the limitations of the device. However, even in cases in which the AR device can perform these operations, edge computing can still provide significant value. Computationally intense operations can cause application-interrupting lag in the visual display, reduce battery life, and cause devices to overheat. Offloading of these operations oftentimes offsets the computational costs and provides benefits beyond the complexity of data transmission.




3.2. AR Devices


The developed system was primarily focused on building tools for the Microsoft HoloLens 2 headset, an optical see-through AR device. These devices were employed based on interviews with first responders who felt optical see-through AR provided the most value and safety because views were not mediated through a video camera. In contrast to video pass through, optical devices show the stereoscopic AR holograms via transparent displays, so if they lose power or tracking, the user can still see the surrounding environment. This leads to a failure case where the AR visuals are no longer present compared to the user having no view of the physical world at all. While the HoloLens 2 was the primary device, we note that the system works for any device that can self-locate. Other tested devices include mobile phones, quadruped robots, and quadcopter drones. A QR code was used to specify the origin as the means of placing any compatible device in the same unified coordinate frame.



When enabled, the HoloLens 2 Research Mode allows a developer to access images from the six different cameras on the hardware platform. Using this access, the team developed a Unity plugin, which allows for accessing these camera streams from a C++ software framework while being able to share this acquired data at the higher-level Unity framework. One of the camera streams is for a Long-Range Depth Camera, and an example of its depth output can be seen in (Figure 2 Middle). This time-of-flight camera provides depth images (1–5 images per second) containing pixels in an unsigned 16 bit integer image format, whose value represents a distance in millimeters away from the user. By combining these images with a series of matrix transformations representing the location of the HoloLens 2 in the 3D environment, it is possible to recreate a 3D point cloud of what the user sees by projecting the 2D depth image pixels values back out into 3D space. Performing this with only the depth data stream results in a point cloud without color, and is thus hard for users to interpret. To alleviate this, the team determined a way to combine the HoloLens 2’s long-range depth image with the corresponding color camera image to find pixels that overlap in 3D space between the two images; the results of this alignment are shown in (Figure 2 Left). This combination allowed for the depth pixels to be associated with a color pixel and to produce a fully colored point cloud for the users to view. Note that, by default, captured color images on the HoloLens 2 differ in terms of both field of view and resolution from captured long-range depth images; thus, a rectification step is needed to find actual pixels that correctly coincide with the same 3D locations. To achieve this, the color and depth pairs are calculated by unprojecting the depth pixels into 3D space, and then projecting those 3D locations back onto the color image associated with the same timestamp, using the color camera’s intrinsic and extrinsic parameters. The result of these steps is that the pixels in camera space can be positioned in world space.




3.3. Data


Three different types of data transfers were used from the device to the server consisting of text, images, and binary data. Serializable data was packed into JSON strings and sent to the server as strings of text. These strings included items such as the name of the device, the device’s pose, and other high-level actions.



Each device sends its own local 3D map of the space, exported from the HoloLens’ Mixed Reality Toolkit Software Development Kit (MRTK SDK) spatial awareness subsystem. This data is transferred as PLY files to the edge server. The server collects the PLY files from one or more headsets and integrates them into the map of the environment by cleaning the scans and removing areas of overlap. The integrated map can be visualized as a 3D model or as a series of 2D floor plans. Each AR device is capable of sending camera image data to the server in the JPEG format. These images are spatially located in the unified coordinate system. This allows for map annotations to indicate where the images were captured, for computer vision algorithms to be run in the context of a location, and for providing the ability to create color 3D models of the space.



The means of sharing data with registered clients utilized a variety of file formats. For web viewers, an SVG image was utilized. This provided an easy and accessible way to map from world coordinates to floor plan coordinates and back. This methodology enabled offsite individuals to create markers in 2D floor plan space that could be visualized by immersed individuals in the space itself. This includes sets of known communication icons, navigation paths for users, and hand-drawn map annotations.



For systems not capable of natively rendering SVG images, floor plans were rasterized and sent to devices as PNG images. This proved particularly useful by allowing individuals in augmented-reality setups to explore synchronized and annotated floor plan maps. This base system provides a variety of opportunities further described in the Section 4.




3.4. Data Conditioning


While the XR devices were constantly acquiring new data, not all of this information provided the same value for the system. As an example, when the headset is relatively stationary, most images from the camera are expected to be geometrically redundant. However, when the headset is moving quickly, images may be distorted by motion blur. Therefore, it was critical to design the system to only utilize high-quality image data that contains new information about the environment.



To accomplish this, the headset’s positional and rotational velocity are checked against defined thresholds. Next, a lightweight, truncated object detection model is run on the headset that reports maximum scores for object categories but not the precise location or count. The maximum score represents the likelihood that one or more instances of a given object class are present in the image. Images that produce a high score for a configurable object of interest should be sent to the edge server for further processing, which may include image segmentation. Finally, additional considerations include the time or distance traveled since the last transmitted image and how the set of probable positive object classes compares with the set from previous images. Such measures help assess the information value of further processing a given image. A visualization of this process can be seen in Figure 3.




3.5. Edge-Based SLAM


While the AR devices can perform simultaneous localization and mapping (SLAM) on device, there are reasons for wanting to offload these types of computations. For example, Edge-SLAM [34] and AdaptSLAM [35] have shown a significant reduction in computation required on the mobile device by offloading some SLAM algorithm components through edge computing.



We see opportunities to expand on these approaches in two different ways. Recognizing that the leading approach to visual SLAM uses the bag of words approach for coarse localization and camera pose estimation by detecting features from a camera image, searches previously collected images, sometimes referred to as key frames, for the largest intersection set of features, and then performs point matching and camera pose estimation. Because this method lacks semantic information about the feature points, this approach can be unreliable in dynamic environments or when revisiting an area after objects changed their relative positions. As a practical demonstration of this problem, we have been able to create situations that confound the HoloLens 2 internal implementation of visual SLAM by scanning the same room with an alternating open and closed door. We hypothesize that robustness may be improved by increasing the importance of feature points on static surfaces, such as walls and floors, during the camera pose estimation step. It may also be beneficial to decrease the weight or expire over time features of to movable objects, such as furniture, or completely filter out features detected on humans and animals.



Secondly, the speed and completeness of mapping can be improved through multi-user SLAM. Potential benefits of multi-user SLAM include a faster and more accurate map construction due to sampling from more viewpoints while reducing the computation on each individual headset, which would be required to independently build and maintain a map of the environment. As first responders typically work in teams, this is potentially of substantial benefit. EasyVizAR leverages edge computing to aggregate mapping data from multiple sources to gain the benefits of multi-user mapping.




3.6. Explicit Corridor Mapping


Explicit corridor map (ECM) [36] is a representation of a space that begins from a mesh structure for an indoor space and derives a graph that summarizes the important navigation points. Graph nodes are selected based on the property of being equidistant from two or more obstacles. The technique can be applied to multi-floor maps by separately processing distinct layers and merging the graphs at transition points such as stairs and ramps.



ECM is an attractive data structure for efficient navigation and compares favorably in experiments [37] to other methods, such as voxel-based methods, owing to its relative sparsity. However, the process of constructing an ECM from sensor data presented a few challenges. The first challenge was that the data collected from multiple headset scans was shown to produce vertical errors, as shown in Figure 4. We observed, in some experiments, that the headset estimate of vertical position would drift up or down over time, which leads to a poorly aligned composite mesh. We were able to identify and compensate for vertical drift to some extent by projecting user traces down to the nearest horizontal mesh element. Selecting the topmost layer produces a consistent and feasible walking surface for path planning, which is primarily concerned with movements in the horizontal plane. However, our compensation does not correct the underlying inaccuracy of the map, which requires further work similar to the optimization in bundle adjustment. In the example below, vertical drift is seen more strongly on the left side of the image than the right, appearing as multiple stacked floor meshes. The selected floor for navigation mesh is the yellow- and green-tinted topmost layer.



This approach, using simultaneous collection of spatial meshes and user traces, helps solve two of the major challenges we previously identified. The first challenge is that of movable vertical boundaries, such as doors, as well as gaps in the scanned walls due to sensing limitations. The user traces help us identify feasible paths that traverse doors and constrain pathfinding to known feasible movements. Second, our approach implicitly handles multiple floors by discovering the transition points that link them, which may include stair faces if they were detected or jump directly between floor landings in the worst case. Figure 5 shows the result of scanning a split-level residential building with three distinct levels. Given the resulting navigation mesh, our system is able to navigate a user between two points in any of the colored regions. Because of the coarse (2.5 m) granularity of the map structure, the resulting path may not be smooth, but it is nonetheless likely to be comprehensible in the AR display. However, we note that it is possible to refine the path through a two-stage operation that searches the finer cells that make up each visited region. Overall, we found that completing the construction of the ECM generally resulted in paths that were more intuitive and visually appealing.




3.7. Navigation Mesh Path Planning


While the ECM approach described above provides results that are generally human-understandable, in practice, we found that the noise in the input often limited their ability when using path-planning techniques. We instead chose to aggregate data from the headset’s local models of the space and use this to perform path planning through existing path-planning algorithms in the Unity game engine, Navigation Meshes [38].



For this method, the edge server continually collects surface data, stored as PLY files, from one or more headsets. Each file contains a portion of the reconstructed triangle mesh, defined within a unique grid for each headset. These grids, which are not necessarily aligned with one another, are determined by the headset’s orientation at startup.



Each headset assigns a unique identifier (UUID) to these surface chunks. The UUID system attempts to maintain consistency for repeated scans of the same area, though it may change over time. To handle data redundancy, a two-fold filtering approach was implemented. First, older versions of files that share the same surface UUID are discarded, ensuring only the most recent scan data is used. Second, for surfaces with different UUIDs, the intersection-over-union (IoU) of their bounding boxes is calculated. If the IoU exceeds a threshold of 60%, only the newer surface is kept, effectively eliminating overlapping and redundant information. The remaining surfaces are then aggregated into a single, comprehensive mesh through a simple concatenation and re-indexing process. No attempt was made to stitch the seams between surfaces at this stage.



From this aggregated dataset, the mesh was run through Unity’s voxel-based algorithm to construct a NavMesh. This method, often used to control the way non-player characters can move around in a game, proved to be an efficient way of providing paths to individuals in the real-world. These NavMeshs can be used locally by individuals in the field or by remote commanders through Unity.




3.8. Floor Plan Generation


From the aggregated mesh generated using the method described above, a 2D floor plan is generated by computing the intersection of a horizontal plane with the 3D model (Figure 6). This process involves iterating through the mesh’s triangles to determine which ones intersect the plane. For each intersection, the resulting line segment is recorded. The library utilized leveraged triangle adjacency, which allowed for the output of continuous paths (a series of connected points) instead of individual, disconnected line segments. This method provides a more compact and coherent representation of the floor plan. The paths or line segments are then written to an SVG file, using SVG polyline or line elements. The SVG’s viewBox and transformation matrix are configured to ensure the generated map is correctly scaled and oriented. When needed, the SVG can be rasterized into a PNG file. The height of this cutting plane can be adjusted to capture different floors or levels within the environment. While it is possible to generate a detailed topographical map with numerous cutting planes, this was too computationally expensive for a real-time application. The default cutting height was set to zero, corresponding to the height of a reference QR code, which was typically placed at waist or table height for optimal results.





4. Applications


Building off the infrastructure described above, a series of applications were developed to better support first responders. Details are provided in the section below.



4.1. Object Detection and Person Identification


The first application uses color images from the HoloLens’ main camera to run edge-assisted object detection. The detector can return object bounding boxes or segmentation masks to the headset so that it may display additional information about the objects in augmented reality. The headset uses its integrated depth-sensing capability to measure the distance of the object and associate a point in space corresponding with that object to display an AR saliency cue. By matching corresponding pixels from the color image, depth image, and object mask, a location for each detected object can be inferred and marked on the building map. The matching and segmentation are visually demonstrated in (Figure 2). To gain deeper insight into this domain, we developed a baseline prototype that runs either a pretrained closed-set detector, such as YOLO or Grounding DINO on our edge server using unmodified camera images from the headsets along with a simple web interface to enable the commander to specify objects of interest using plain language. For instance, during a hostage-rescue scenario, the commander might input a description of the suspect individual, whereas during a fire scenario, the commander might instead select doors, windows, and ladders.



The second application uses face recognition on the edge server to return the names of individuals present in the scene to the headset to be displayed in AR in a similar way. In a deployed solution, personnel could populate the server database with images of personnel and persons of interest, or the system could be trained in an online manner as people present at the scene are identified.



In means of performing object detection and person identification, the YOLOv10 [39], Grounding DINO [7], and DeepFace [40] models were used. YOLOv10’s novel architecture eliminates the need for non-maximum suppression, improving performance on resource-constrained devices. Grounding DINO’s language-driven approach enables zero-shot detection, allowing users to identify objects based on textual descriptions.



Recently, vision transformer (ViT) models have shown promise in challenging computer vision tasks, such as open-set object detection. Novel approaches such as Grounding DINO fuse language features from a text prompt to guide inference on visual features and enable zero-shot detection for arbitrarily specified objects. Based on interviews with public safety professionals, we saw the potential to leverage language-driven object detectors in a variety of complicated emergency scenarios without the need for expensive model retraining. For example, the object detector could be prompted to find doors and windows during a fire incident, as those are potential escape routes. The same model could be prompted to identify a specific person by a description of their appearance during a rescue mission.



In means of assessing the suitability of this approach, we developed prototypes around the VILA [41] and Grounding DINO [42] models. VILA is a lightweight model suitable to responding to text queries about one or multiple images especially for summarizing or question-answering tasks, whereas Grounding DINO produces bounding boxes for the objects described in the prompt. For our prototype, the color images are captured on the headset, compressed, and sent to the edge compute server for processing.




4.2. Visualizations


To visualize the server-generated floor plan of the space, several techniques were explored. Beyond the simple SVG floor plan described, another approach to rendering top–down maps was developed, which better highlights objects and potential obstacles in the environment and which also readily incorporates data from multiple headsets (Figure 5 Top Left). This technique makes use of surface shaders, which can be run on either the edge host CPU or GPU and uses normal vectors from the environment mesh captured by the HoloLens headsets to calculate a continuous color gradient based on changes in local surface geometry. The example shown in Figure 5, which demonstrates an office workspace, visually reveals different types of furniture in the environment, including a couch, table, and chairs, with a small stairway readily apparent. This type of map visual is potentially too information-dense to use in a heads-up display but may be more suitably displayed in a top–down command dashboard to give outside users a better understanding of the interior environment. It may also enable users to refer to room features during verbal communications, e.g., by asking the team to explore what lies beyond the stairs in the map shown below.



Another visualization technique developed was a simplified 3D view of the map that highlights important semantic features, such as walls and floors, without extraneous detail (Figure 5 Top Right). This 3D view mode can be incorporated in the existing systems by making a scalable and rotatable 3D hologram in AR and VR or as a Unity WebGL component in the command dashboard. Because surfaces are labeled by type, we can show, hide, or color them differently; change transparency effects; and so on. We worked on ways to add iconography, navigation, and other useful information to the simplified 3D view. For example, we show icons for each individual’s location in a rotatable 3D view for the commander or show a simplified floor layout with hazardous areas colored red for first responders.



We also developed a prototype volumetric map that allows command personnel to view and interact with live data from an incident using a doll-house view laid out on a horizontal surface such as a conference room table shown in Figure 7. This system is able to render the collected data from one or more HoloLens 2 headsets and display positionally consistent markers and first responder avatars. These are driven by live data from the incident, including headset user locations and spatial markers placed by individuals such as hazard, exit, or environmental features. By leveraging the known camera pose, we can reverse-project the camera image planes to the scene geometry in order to transfer color to the existing mesh. Colorizing the mesh can be helpful when interpreting and visualizing the 3D data as can be seen in Figure 8. This approach, while similar to capturing a colored point cloud, offers some advantages, including reduced storage size and improved rendering efficiency.



As we built this system, we encountered a number of design challenges, each inviting further exploration. One pressing question is how to integrate camera images and spatial meshes in real-time on our edge server, as users are exploring the environment and also minimize the overhead associated with the ray intersection calculations. To address this concern, we developed several techniques aimed at reducing redundancy and improving system responsiveness. For instance, we created a dependency graph of mesh components and photo files, allowing us to efficiently recalculate only the necessary updates when changes to the mesh occur. We also implemented strategies for reducing redundant overlapping meshes, with simple metrics such as bounding box intersection-over-union, and temporal ordering, which have proven effective in practice. Finally, we employed a work-batching approach that returns the latest colored model after a timeout has been exceeded, ensuring real-time responsiveness even while using multiple headsets for lengthy scanning sessions, as shown in Figure 8.



Finally, discussions with first responders led to another possible visualization system, in which commanders or offsite personnel can interact with a 3D representation of the environment in AR. Holograms denoting humans and other important information can be projected into the 3D model of the space to give the user an intuitive visual depiction of the situation inside a building. Additionally, transparency and surface-culling options can give the user various ways to see through the walls.



Multi-User and Dataset Localization


Live updating of the volumetric map gives an offsite user contextual information about the environment while teams advance in the field. Implementing live map updating requires exchanging headset data through the edge server, optimizations in the 3D model file loader, and processing and filtering chains on the edge server. Filtering and reducing redundant meshes becomes especially important when multiple headsets are simultaneously exploring an environment. Our approach to this problem uses metrics such as intersection over union (IoU) to discard meshes with a high degree of overlap and simplify the 3D model.



Another feature of the volumetric map is visualization of important situational awareness information especially unit locations and map markers. We have chosen to represent personnel in the field with humanoid avatars that move within the map. We developed a novel interaction that enables the commander to convey walking directions to AR-equipped personnel by dragging their avatar to a different location on the map, as can be seen in Figure 7 Top Right. If a path can be calculated between the start and end points, it will be displayed for visual confirmation and automatically sent to the target headset. We hypothesize that this technique offers an intuitive way to convey walking directions to others and will be less likely to cause misunderstanding as compared to verbal directions.





4.3. Multimodal AR Cues to Assist Navigation


One of the goals of the developed system is to provide multimodal AR cues to enhance navigation and coordination. We have developed features such as virtual wall signs, interactive maps, and visual navigation paths. We have implemented the necessary mechanisms for team members to digitally annotate information in the environment and retrieve and display that information in AR. For data creation, we have implemented menus in both the AR interface and command dashboard for users to place different types of virtual markers that may signify environmental hazards or other points of interest, with several different icon shapes and colors, as shown in Figure 9. We have also designed primitives for specifying how the information should be displayed, whether as a hologram at a specific point in space or as an image projected on a surface such as a wall or floor, any text that should be displayed, and whether the information should be displayed within a certain radius or for a limited duration.



We introduce one novel visual cue for navigation, the virtual sign. Like physical signs used in public spaces, such as airports and hospitals, virtual signs can assist users in navigating at key decision points. Unlike physical signs, virtual signs can be updated dynamically based on changing environment conditions, e.g., a blocked hallway, or based on user needs or job role. User-tailored virtual signs can reduce irrelevant visual clutter while presenting navigation cues in a familiar format. We use the user-placed markers and path-planning functions described previously to populate the signs while addressing some additional challenges.



The creation of virtual signs presents several technical challenges, such as identifying suitable locations on vertical surfaces that are large enough to accommodate a sign and ensuring clear, consistent directional guidance. The chosen sign placement must avoid ambiguous interpretations of directions. Additionally, the sign should remain legible and meaningful from various perspectives, whether viewed up close, across the room, or from the opposite side. Our primary objective is to replicate the intuitive and familiar experience of physical signs. Ideally, the sign placement should also avoid obstructing key visual elements of the environment, which could benefit from future improvements in scene understanding. Moreover, pathfinding from the sign must account for obstacles in close proximity, such as a table positioned below a sign. In such cases, the pathfinding should start at a suitable distance in front of the sign to avoid the obstruction. Some of these challenges relate to the intricacies of navigating within a 3D mesh without semantic information about the surfaces. Others can be mitigated by allowing users to place signs in appropriate locations, as our current prototype does.



We are also exploring additional enhancements that are unique to digital signs, such as interactivity. For instance, a user could click on a landmark displayed on the sign to transform it into a map with directions from their current location or activate a visual navigation path along the floor. Additionally, headsets can be configured to display customized information based on the user’s role, helping to reduce visual clutter. While all users may need directions to key locations like building entrances and exits, other specific destinations can be tailored to their immediate tasks.



Edge-Assisted Path Planning


Since first responders may not always be able to interact with AR systems through gestures or voice but are accustomed to maintaining radio contact with command staff, we have explored system designs which enable command and dispatch staff to influence the information displayed to responders in the field. One such idea in our current prototype allows the commander to configure a target point on the map for each individual. A target point could be specified as a coordinate in space, a named landmark on the map, or another user’s location. When a target is selected, the affected user headset will automatically be updated to show navigation directions to the target.



Our mapping system uses environment geometry data collected by multiple headsets and may potentially use other sensing platforms in the future. The resulting map can be used to respond to queries for navigation. Given a user’s current position and a target location, our navigation module generates a path and displays this to the user in AR as shown in Figure 10. Our current solution presents the path as a gradient-colored series of line segments projected onto the floor plane. We also display the path on the HUD map in addition to a prominent marker for the user’s current location and heading direction. We have also integrated our weighted A-star algorithm, which uses user location traces to bias the navigation to known explored locations.



Our search algorithm uses two pieces of information that are captured by the EasyVizAR system: line segments corresponding to vertical obstacles and position and orientation time series captured while users move around the environment. In the absence of position history, such as when initially entering a building with only a pre-incident plan map, it may still be possible to find a path between two points using A* search. However, maps may contain errors both in the form of false walls and missing walls. False walls typically arise from closed doors but may also be a result of scanning or alignment error. Gaps or missing walls often occur due to incomplete scans but sometimes also result from highly absorptive surfaces such as large black screens. In the case of map errors, position history can be collected as users explore the space and used to bias the pathfinding search in favor of previously explored spaces in our weighted A* search implementation. Both components are implemented in the system.



The path is colored in a gradient that indicates the direction and placed below the head for comfort and ease of following. From information gained through our interviews with first responders, we recognize that hand interactions may not be feasible or preferred by users in all types of situations, so we have implemented an alternative workflow through our edge server, which enables the commander to set the navigation target for a user. Upon setting the navigation target, the directions will be sent to the affected headset and displayed for the user automatically.





4.4. Evaluation


To better understand how the system was performing, we ran a series of evaluations. First, we tested the runtime performance of the object detection algorithm on the HoloLens 2 headset compared with our prototype edge compute node. We use a YOLOv8n model exported as ONNX format. This is useful because optimized ONNX runtime libraries exist for both the HoloLens 2 provided by Unity and the Barracuda/Sentis libraries and for Python 3 running ONNX Runtime on the Linux-based edge compute node. Although differences may exist between the implementations, this enables a fair comparison of the runtime performance on each platform. Our experiment ran a total of 146 images, sequentially on the headset followed by tests on the edge node. Images were stored as files on the headset to simulate captured camera frames, and all images were 640 × 480 color images. For tests on the edge node, the headset uploaded the image file and waited for a response containing detection results in JSON encoding. Therefore, the total completion times in the table below include file I/O and network transfer delay which is an important consideration for edge compute offloading. We leave out the first test result in each test run, which was unusually high due to lazy initialization of the model. The results are shown in Table 1 below.



We decompose the timing results into preprocessing, which consists of reshaping and converting the image to a tensor; execution, which includes the operations specified by the DNN model; and postprocessing, which includes interpreting the output of the model and drawing bounding boxes. A critical step that can either be included in the model or run separately during postprocessing is non-maxima suppression (NMS). YOLO and similar object detection models output a large number of candidate bounding boxes — in the case of YOLOv8n, the output is a fixed 6300 candidate boxes. NMS filters the large number of redundant and low-quality detections. The typical implementation of NMS has   O (  N 2  )   complexity is typically implemented on CPU and can be a concern for performance. In order to assess how NMS impacts object detection performance on the HoloLens 2 headset, we run two different test cases on the headset, one where NMS is implemented in C# as part of the postprocessing step, and in the other case, an NMS layer is appended to the model and run by the execution engine. The introduction of Unity Sentis after June 2023 brought new optimizations and performance improvements. Furthermore, Sentis supports executing a model one layer at a time, which enables us to profile the NMS layer directly.



The postprocess and embedded implementations of NMS revealed striking differences. Excluding NMS, model execution on the headset was surprisingly fast (  μ = 13   ms,   σ = 5  ), and would be sufficiently fast for real-time performance at realistic camera frame rates. However, the NMS step introduces substantial delay, whether it is implemented separately or embedded in the ONNX model. Even in Unity Sentis, where run times were approximately twice as fast, our profiling suggests that the NMS layer is still the dominant source of delay (611 ms out of 621 ms total execution time). With the growing interest of running machine learning tasks on mobile devices, these results help highlight areas where there is greatest potential for performance gain.



The performance challenges faced on the HoloLens 2 headset also point to potential benefits for offloading to an edge compute server. Even taking network delay into consideration, our results support edge computing (  μ = 601   ms,   σ = 191  ) as a viable alternative to running object detection on the headset with either Barracuda (  μ = 1355  ,   σ = 92  ) or Sentis (  μ = 685   ms,   σ = 17  ). Network delay was predictably the dominant source of variability in the total task completion times when offloading and could result in substantial delays under adverse network conditions. In our experiment, the minimum and maximum transfer delays observed were 135 ms and 788 ms, respectively. It is important to note that the compute delay does not fully capture the user experience. In all of our implementations, running object detection on the headset caused perceptible stuttering in the user interface, which is not present when purely offloading to edge compute. When offloading to edge compute, the primary task that runs on the headset is JPEG compression in preparation for transmission, which we found to be relatively fast (  μ = 34   ms,   σ = 6  ).



Although the delay is higher than would permit real-time operation at 30 FPS, we propose using a lightweight DNN on the headset to select candidate camera frames to send to the edge server for more in-depth processing. Candidate image selection could use binary present or not-present outputs or motion blur severity detection, either of which would not require NMS. There is further room for improvement in the network delay and through the use of a more powerful GPU server.



These results point to a promising path to deploying edge offloading for object detection, but they also demonstrate that identifying and selecting which camera frames to process as a critical need for overall system efficiency because none of the implementations tested could run at full camera frame rates. For maximum efficiency, redundant or low-quality images should be discarded as early as possible in the processing chain. Even the simple operation of applying JPEG compression and preparing an image for transmission to the edge server imposes a cost on the resource-constrained headset. This inherently limits the maximum frame rate that could be offloaded to edge computing. Furthermore, we observed impacts on AR interface responsiveness, which we attribute to thread synchronization, while the image is copied between GPU and system memory and may be difficult for application developers to eliminate entirely.



We also tested our object detection with indoor imagery. Our initial experiments suggest that a model like Grounding DINO can be used as a drop-in replacement for our edge-computing object detection pipeline and can be tuned with human-provided input to detect different objects of interest, such as doors or ladders. However, we do observe a tendency for false positives when the objects in the prompt are not present in the scene, as shown in Figure 11. It is unclear at this time whether this is an inherent problem with the feature enhancer, in which language features are used to guide visual feature attention, or whether this can be solved with better training that penalizes false positives. We are interested in exploring this question in more detail in future research.



We also tested our path-planning algorithms in means of identifying failure cases. The initial prototype constructs a rectangular grid and marks cells as passable or not passable using walls and other structures detected by the HoloLens 2. Then, path planning can be performed by running known algorithms, such as A-star search on the navigation mesh. Currently, the naive algorithm has a tendency to find gaps in the walls and route through unexplored spaces when it would result in a shorter path. We observe gaps frequently in practice as a result of incomplete depth information and also with surfaces that absorb infrared light such as large black TV screen or monitors. One potential solution to path-planning issues is weighting the navigation mesh with observed transitions, i.e., based on paths physically traversed by individuals who initially explored the space. With appropriate tuning, the path-planning algorithm will favor routes that have a high likelihood of being feasible.





5. Limitations and Discussion


While there are many ways that AR can support first responders, this work mainly focused on creating a collaboration between offsite and onsite personnel. While this work was developed with collaboration with first responders, the system has not yet been systematically evaluated. Field testing with first responders is difficult given the demands on these individuals. Furthermore, testing emerging technologies either in the field or even in simulated situations is often not feasible. We note the work of [43] which tested Augmented Reality’s ability to support indoor navigation for individuals with low vision. This work evaluated AR’s capabilities using metrics such as Correctness of Turns, Correctness of the Route Segment Lengths, Total Landmark Recall, and Recall of Augmented Landmarks, alongside qualitative interviews. While the results demonstrated the benefits for AR for the process of indoor navigation, it is unclear if these same results might map to first responders. Future work will aim to quantify the benefits of the developed system for real-world conditions.



We also note that methods used in DINO and YOLO create quite different tradeoffs. Object classification systems, such as YOLO, tend to provide a more accurate and faster prediction in terms of finding a known object; however, these types of classifiers are limited to the objects which they have been trained on. Conversely, DINO-style techniques are able to provide a greater deal of flexibility in terms of object recognition at the loss of accuracy. Comparisons between these techniques can be found in [44,45]. As of the time of writing, a specific dataset curated for content related to first-responder needs would provide the best level of support.



The presented work utilizes the capabilities of the AR device’s sensors alongside edge compute nodes. One of the major issues with this approach is that the environment needs to be visible in order for SLAM algorithms to work effectively. Low-visibility situations are especially prevalent for fire fighters, in which smoke can limit the ability of optical tracking systems. Thermal cameras may be a solution to this, although custom SLAM algorithms need to be utilized.



Another issue encountered with the SLAM systems came from doors and elevators. As the systems expected the environment to be static, both of these situations violate the core assumptions that these algorithms make. In the case of a door, the camera images show motion that is not generated from the user locomoting through the environment. In the case of an elevator, the opposite occurs and the camera images show the user being still, despite them physically changing location. Solutions to these situations likely require adding in other data sources to better help the algorithms understand these types of scenarios, in which optical motion cues may be in conflict with physical motion.



As the system utilized edge computing, the devices needed to maintain network connectivity for optimal use. For the case of the HoloLens 2, this meant that WiFi was the major method of communication to the edge compute node. However, we note that other networks, such as FirstNet [46], offer a more robust solution for communication. Other solutions would be to have the device connect to the first responder’s phone directly. This would allow the AR device to have the same capabilities (and securities) of the devices that are normally used in the field.



Finally, we note that the current generation of AR systems have a number of limitations. Between the limited computing power, the limited field of view of the display, and the use of voice and hand tracking as the major source of input, it is clear that these system cannot be plugged into the first-responder pipeline directly. However, as these systems continue to improve, there are clear opportunities for these types of systems to enhance the communication of first responders and offsite personnel.




6. Conclusions


EasyVizAR represents a significant advancement in the application of AR technology for first-responder operations. By leveraging edge computing and advanced computer vision techniques, we have developed a system that enhances situational awareness, improves coordination, and facilitates rapid decision-making in challenging indoor environments. Ongoing research and user studies aim to continue to refine and improve the system, ensuring its effectiveness in real-world emergency scenarios. The developed technologies have been demonstrated at the NIST Public Safety Innovation Lab and Public Safety Immersive Test Center. This facility hosts regular tours to a variety of emergency first responders, providing them the opportunity to test emerging technologies for public safety. The source code for the presented work and a video demonstrating the HoloLens 2 AR application can be found at https://github.com/EasyVizAR/ (accessed on 20 October 2025) and https://github.com/widVE/NIST/ (accessed on 20 October 2025).



One of the challenges with inter-agency collaboration is that responders arrive to the site at different times. The need to update and share information is both a logistical challenge as well as a time cost when urgent action is required. The methods generated in the work would help to provide a unified communication system that could aid in their ability to coordinate more effectively. Another possible method for collaboration could come from the sharing of maps for spaces. Through the use of the indoor mapping tool, pre-planning could occur that would provide valuable information for first responders in the field.



Future work will focus on improving the core technology’s accuracy and robustness, particularly for object detection and person identification, which are critical for providing reliable information in high-stakes environments. We also plan to develop more sophisticated navigation and coordination tools that can help first responders move and work together more effectively in complex, unfamiliar spaces.



A significant part of this research will involve enhancing data integration to create a more comprehensive and intelligent system. This means expanding the system’s ability to connect with other crucial data sources, such as sensor networks and building management systems. By doing this, the system can provide real-time, external information—like structural data or hazardous material alerts—directly within the augmented-reality view. We also aim to expand the system’s capabilities to support a much wider range of emergency scenarios, from search-and-rescue to disaster relief, ensuring the technology is versatile enough to meet various needs.



Finally, future work will prioritize usability and volumetric mapping. The goal of this work is to continue refining the user experience, making our volumetric maps more intuitive and easy to use, even under immense stress. This focus is key, as a poorly designed tool can become a source of distraction or confusion in an emergency. These efforts will ensure that the system remains a practical and valuable tool that genuinely helps first responders by enhancing situational awareness and aiding critical decision-making.
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Figure 1. A diagram of the EasyVizAR system architecture. 
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Figure 2. Aligned captures from our HoloLens 2 application. Left: A color image indoors showing a hallway and door. Middle: A depth image captured and aligned at the same time as the color image, such that pixel correspondences are readily available. Right: A color image showing the three segmentation and identification results overlaid with contour highlighting. 
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Figure 3. Data-conditioning evaluation Left: An image distorted by motion blur captured by HoloLens 2 and discarded after a low response in the truncated object processing on the headset. Middle: An image that produces a higher response in the truncated object detector is transmitted to the edge server for image segmentation analysis. Right: The edge contour segmentation annotations returned from the server; purple shows a monitor, blue shows a chair, and pink shows keyboards. 






Figure 3. Data-conditioning evaluation Left: An image distorted by motion blur captured by HoloLens 2 and discarded after a low response in the truncated object processing on the headset. Middle: An image that produces a higher response in the truncated object detector is transmitted to the edge server for image segmentation analysis. Right: The edge contour segmentation annotations returned from the server; purple shows a monitor, blue shows a chair, and pink shows keyboards.



[image: Applsci 15 11498 g003]







[image: Applsci 15 11498 g004] 





Figure 4. Top: Building-scan example with significant vertical drift toward the left side of the image. Bottom: Extraction of walkable subcomponents of the spatial mesh. Each colored cell is a distinct subcomponent itself, comprising a triangle mesh. Blue lines indicate the inferred navigation graph. The scale of the map is approximately 44 m in length between the furthest points, and the vertical drift measures 0.6 m between the highest and lowest points. 
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Figure 5. Top Left: Shader-based top–down map highlights local environment geometry with walls shown as heavier lines. Top Right: A simplified 3D model of a room, in which ordinary walls are colored gray, inferred walls are colored red, and furniture and other obstacles are colored purple. Bottom: Complete mapping of a split-level residential building with approximate floor plans and navigation graph connections as blue lines. 
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Figure 6. The web dashboard shows the latest version of the floor plan including annotations. In this case, the map shows two door markers in pink and purple and the current location of a headset as a green marker. The dashboard enables command staff to perform various functions including adding markers by clicking on the map exporting the map into various 2D and 3D formats. 
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Figure 7. Top Left: The building map is shown scaled appropriately to the table on which it rests. Top Right: The headset wearer moves an avatar representing another person in order to assign navigation directions to that user in their headset. Bottom Left: The building map shown as a see-through virtual hologram with color annotations. Bottom Right: A view of the model demonstrating objects in the space. 
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Figure 8. Vertex-shaded color 3D mesh constructed from HoloLens data. Left: The map is rendered in isolation. Right: The same map visualized in Augmented Reality. It is placed on a table, where the user can adjust the location of the AR visualization using a thumb and index finger pinch gesture. 
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Figure 9. Top: Three images showing the user experience of placing a virtual marker using the EasyVizAR headset. From left to right: (1) the user can select from a variety of marker types, which can be configured beforehand according to user responsibilities, (2) the marker appears as an icon in the AR space synchronized with other EasyVizAR interfaces, and (3) the user can move, rotate, and scale the marker with hand gestures as needed. Bottom: Two examples of virtual navigation signs, which are automatically populated from the navigation mesh and list of location landmarks. The signs are consistent with the surrounding environment. For example, in the left image, a door leading to the stairwell is visible, and in the right image, a fire extinguisher and janitor closet are visible. 
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Figure 10. Top Left: Example pathfinding result which successfully routes around walls inferred from a previous exploration of the space from the headset icon to the sun icon destination. Top Right: The AR interface screenshot showing several navigation aids, including landmark icons, a hand-attached map, and a navigation route (transparent line with purple to pink gradient), which leads the user toward the end of the hallway. Bottom Left: A context-aware navigation aid leads the user to a doorway with a path projected on the floor. Small orbs mark waypoints along the path. Bottom Right: The navigation path is visible in the hand-attached map, along with an indicator of the user’s current location and orientation. 
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Figure 11. Top: Two examples of open-set detection using Grounding DINO with the prompt “doors, chairs, tables, ladders, and desks”. In these two images, two doors and one ladder are successfully identified with high confidence (>= 0.73). ViT models are especially noteworthy for their ability to detect objects without extensive training data such as ladders. Bottom: Two examples of false positives from using Grounding DINO when prompted with “doors”. The detection confidence is moderately high (0.63 and 0.61) for the falsely detected doors which suggests that setting a high threshold may not be sufficient to prevent all false positives. 
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Table 1. Shows object detection latency, mean completion time and standard deviation (ms) on HoloLens and edge compute node for 145 images. The Barracuda and ONNX tests were performed in June 2023; the Sentis tests were performed in October 2025.
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