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Figure 1: We introduce FlyMeThrough, a drone-based indoor mapping system that semi-automatically maps indoor spaces
and locates key facilities such as entrances, stairs, elevators, and doors. (A) We use a DJI Avata drone to scan indoor spaces,
and generate reconstructed 3D maps with structure-from-motion (SfM) [40]; (B) We employ SAM?2 [2] to enable intuitive
and efficient user annotation of key indoor facilities. (C) FlyMeThrough auto-segments objects, generates annotations across
subsequent frames, and localizes them in the 3D map, which (D) users can interactively review and update.

ABSTRACT

Indoor mapping data is crucial for routing, navigation, and building
management, yet such data are widely lacking due to the manual
labor and expense of data collection, especially for larger indoor
spaces. Leveraging recent advancements in commodity drones and
photogrammetry, we introduce FlyMeThrough—a drone-based in-
door scanning system that efficiently produces 3D reconstructions
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of indoor spaces with human-AI collaborative annotations for key
indoor points-of-interest (POI) such as entrances, restrooms, stairs,
and elevators. We evaluated FlyMeThrough in 12 indoor spaces
with varying sizes and functionality. To investigate use cases and
solicit feedback from target stakeholders, we also conducted a qual-
itative user study with five building managers and five occupants.
Our findings indicate that FlyMeThrough can efficiently and pre-
cisely create indoor 3D maps for strategic space planning, resource
management, and navigation.
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for maintaining these scanned indoor spaces. We also conducted a
user study with these ve building managers along with ve active
building occupants of these scanned spaces, to assess the perfor-
mance and usefulness of the annotation interface. We presented
our drone-based indoor mapping process, invited participants to
annotate the collected data for key indoor POls, then interviewed

Drones. InThe 38th Annual ACM Symposium on User Interface Software andthem to assess the Usab”it_y and performance of our custom pipe_line.
Technology (UIST '25), September 28-October 1, 2025, Busan, Republic of Kok&& study results show high technical performance and usability
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1 INTRODUCTION

Indoor mapping data for public indoor spacesd, o ce buildings,
train stations, airports, and stadiumsic) is crucial for navigation,
route planning, space evaluation, and tracking spatial changes over
time. However, such data is often scarce and outdatét].[Main-
stream indoor mapping procedures involve two methods: transform-
ing CAD building plans into digital indoor mapping, or deploying
speci ¢ scanning hardware and services. However, these methods
require high data acquisition costs and long timelinég€] and thus

are hard to mass deploy and regularly maintain.

In contrast, drone-based indoor mapping, where drones y
through large indoor spaces to capture key spatial information,
o ers advantages in terms of cost and maintenance e orts. Demon-
strated feasible through both academic resear2f [§ and com-
mercial products likeSkydio[55 and Elios[16, drone-based map-
ping can e ciently cover large and complex indoor spaces and
has the potential for higher levels of automation. However, ex-
isting solutions often rely on LiDAR-equipped drones, which are
prohibitively expensive for large-scale deploymemwtd, anElios
3 LiDAR drone costs $50,000). Additionally, the generated indoor
maps lack points of interest (POI) that building management and

of our mapping system, while revealing application scenarios and
aspects of future improvements.

In sum, our contributions are threefold: rst, we designed and
implemented the rst drone-based indoor mapping system that
leverages only RGB data enabling the use of a ordable, o -the-
shelf consumer drones for large-scale indoor reconstruction. Sec-
ond, we introduce a custom human-Al collaborative annotation
pipeline that allows users to exibly de ne and create POIs in re-
constructed indoor 3D maps. Finally, our user study with building
managers and occupants contributes key insights into practical
needs, usability, and potential applications of drone-based indoor
3D mapping systems for future work.

2 RELATED WORK

We situate our work in research on large-scale indoor mapping,
drone-based 3D reconstructions, and techniques to automatically
detect and localize objects in scenes.

2.1 Large Space Indoor Mapping

Large indoor spaces, such as train stations, airports, malls, and o ce
buildings, require high-quality spatial maps to support applications

like navigation, space management, and digital twin construction.

visitors care about. To address these challenges, we aim to develop aMainstream commercial indoor mapping services liReintr[47,

more a ordable and scalable drone-based indoor mapping pipeline
that only uses RGB video data, thus can potentially be captured
by any commaodity drone. In addition, we introduce a human-Al
collaborative annotation and location process that allows building
management sta to e ciently identify and mark key indoor POls
(e.g.entrances, stairs, elevators), making the output 3D maps more
useful for navigation, routing, and space evaluation.

We presentFlyMeThrougha human-Al collaborative indoor
mapping system that provides an end-to-end pipeline for trans-
forming RGB footage of indoor drone ights to POIl-infused 3D

ESRI[13, Mappedin33, and Mapsted 34 typically rely on exist-

ing or user-drawn architectural data as input to generate interactive
indoor navigation and management systems. Meanwhile, 3D in-
door scanning services likelatterport[1], Cupix[11], and NavVis

[39 utilize LIDAR-equipped professional devices to provide high-
precision 3D reconstruction and virtual visualization. In recent
years, applications liké?olyCam 43 and LumaAl [29 have ex-
plored the creation of digital twins for small to medium scale indoor
spaces using mobile LiDAR or RGB videos, while APIs such as Ap-
ple'sRoomPlai5] further lower the threshold for small-scale 3D

reconstructed maps of the scanned indoor spaces. FlyMeThrough is Scanning. Although these commercial solutions are technologically

comprised of three major technical components: rst, a SfM (Struc-
ture from Motion)-based 3D reconstructiod()] that transforms
input RGB videos to estimated camera positions of video frames as

mature, they still exhibit signi cant limitations. On the one hand,
their reliance on professional hardware or manual data collection
leads to high costs for data acquisition and subsequent updates. On

well as 3D mesh models of the indoor spaces. Second, a human-Al the other hand, mobile-based solutions are typically designed for

collaborative annotation pipeline that enables users to e ciently
annotate and locate key indoor POls. Third, a web interface that
reviews the nal results, which are 3D models with bounding boxes
indicating the locations and dimensions of key indoor POls. All
components of the system are released and open-soutced.

To evaluate FlyMeThrough, we collected drone footage from 12
indoor spaces of varying sizes and functionalities under the ap-
proval and guidance of building managers, who are responsible

1 https://github.com/makeabilitylab/FlyMeThrough

small indoor spaces and cannot e ciently scale to large environ-
ments spanning thousands of square meters.

In contrast to commercial approaches, recent academic research
has proposed a variety of open-sourced 3D mapping methods, ex-
ploring how to leverage lower-cost devices for indoor space recon-
struction. These include methods based on 360-degree cant&fias [
GNSS-assisted spatial localization and mapping,[smartphone
RGB video and LiDARF(, and robot-based autonomous scanning
systems 56 5§. In terms of reconstruction algorithms, traditional
SfM and Multi-View Stereo methods (g, COLMAF 49 52) remain
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widely used, while recent advances3D Gaussian Splattif@0 24
0 er new possibilities for high-quality RGB-only 3D reconstruction.
Nevertheless, most existing approaches still rely heavily on man-
ual operation or ground-based equipment, which limits their au-
tomation capability, mapping e ciency, and scalability in large and
complex indoor environments. In this work, we aim to propose an
indoor mapping method that can e ciently scale to large indoor
spaces with a ordable hardware.

2.2 Drone-based Indoor Mapping

Past research3, 22 23 32 48 73 75 has explored the feasibility of
using drones to map indoor spaces. A common research methodol-
ogy in this thread is equipping drones with rich sensing capabilities
or attaching additional sensors, such as RGBD camezas,(In-

tel RealSense D4B6r even LiDAR scanners(g., DJI Zenmuse
L2), to enhance spatial perception and reconstruction accuracy. In
addition to academic research, commercial solutions [8e/dio
[59 and Flyability Elios[16 adopt a similar hardware strategy,
leveraging LIiDAR and IMU sensors mounted on drones to enable
accurate indoor 3D reconstruction. While these methods and prod-
ucts achieve high-quality mapping results, they usually rely on
expensive hardware setups and involve substantial technical e ort
in data acquisition and processing. Such requirements limit their
scalability and general applicability, especially in scenarios where
low-cost, lightweight, and easy-to-deploy solutions are desired.

In contrast to existing drone-based indoor mapping approaches,
our work targets broader applicability by minimizing hardware con-
straints. Speci cally, we propose a drone-based 3D indoor mapping
pipeline that relies solely on RGB data, enabling most o -the-shelf
consumer drones to be utilized for large-scale indoor reconstruction.
This choice is deliberate: by demonstrating robust performance with
RGB-only input, our method o ers a low-cost, hardware-agnostic
solution that remains practical in low-resource scenarios where
high-precision stereo or depth sensors may not be available. This
design lowers the barrier to adoption and extends the applicability
of our approach across research, education, and industry contexts.

2.3 Detecting and Locating Real-world Objects

Accurately detecting and localizing key objects and facilities is
essential for creating semantically rich indoor 3D ma@#5[26

54, 65 74. Traditional approaches have relied on manual annota-
tion through GIS or digital twin tools, but these methods typically
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However, existing automated approache&§[53 69 face critical
limitations when applied to large and diverse indoor environments,
where important objects are visually distinctive and universally
de ned assumptions that often do not hold in practice. YOLO,
for example, is a closed-set detector that can only recognize object
categories included in its training vocabulary, limiting its appli-
cability to customized and context-speci ¢ indoor environments.
In practice, indoor spaces often contain diverse, customized, and
context-speci ¢ objects, mainly depends on the situated knowledge
of local users that purely Al-driven approaches cannot easily infer
or replicate.

To address these challenges, we lever&gavi2[44] to oper-
ationalize a paradigm shift in semantic indoor mapping from
treating it solely as an automated perception task to framing it as
a collaborative knowledge construction process between humans
and Al. Inspired by recent works on the human-robot collaboration
approach for 3D semantic labelindQ, 46 72, we emphasize the
value of integrating human expertise with Al capabilities to create
richer and more accurate indoor semantic maps.

To operationalize this vision, we introduce a human-Al collabora-
tive annotation work ow that engages local occupants and building
managers in the map creation process. Rather than relying on xed-
category, pre-trained object detectors, our approach empowers
users to exibly de ne and annotate objects based on their situated
knowledge and contextual needs. Ultimately, this collaborative ap-
proach repositions indoor semantic mapping as a socio-technical
process balancing the e ciency of Al automation with the inter-
pretive agency of human users to ensure that the resulting maps
are both semantically meaningful and grounded in the complexities
of real-world indoor environments.

3 THE 3D MAPPING OF INDOOR SPACES

FlyMeThrough is a multi-stage system that transforms RGB drone
footage into interactive 3D indoor maps annotated with key Points
of Interest (POIs) (Figure 1). The system begins with drone-based
RGB video collection, followed by Structure-from-Motion (SfM) to
estimate camera trajectories and reconstruct the space into a 3D
mesh. Users such as building managers then annotate key indoor
facilities (.9, stairs, doors, elevators) on selected video frames,
informed by their grounded knowledge of the space. These annota-
tions are expanded into per-frame video segmentation masks using

demand professional expertise and present steep learning curves SAM2 |4, and these masks are subsequently projected into the

for users B, 45 76. While e ective in certain cases, these manual
methods are time-consuming, expensive, and di cult to scale.
Recent advances in computer vision have enabled more auto-
mated approaches for object detection and localizatiah pP6 53
59 74. For exampleProject Sidewalk8 47, 67 demonstrates this
by crowdsourcing sidewalk feature annotations to train object de-
tection models that automatically extract data from street views.
Similarly, in indoor environmentsRASSAR6( employs object
detection with raycasting to identify and locate smaller indoor ob-
jects relevant to accessibility and safety. Among such automated
approachesYOLO (You Only Look Ong¢éy] and its variants have
become widely adopted for their e ciency and accuracy in detect-
ing prede ned object categories.

3D space using a depth-guided raycasting algorithm. The result is
a semantically enriched 3D map with interactively viewable POI
bounding boxes that indicate both the location and dimensions of
each annotated facility.

This work extends our previous poster papesqg, which ex-
plored the feasibility of using commodity drones for indoor 3D
mapping and automatic facility detection of stairs, doors, elevators,
and ramps. While retaining core elements such as RGB video cap-
ture and SfM-based reconstruction, FlyMeThrough introduces a
more robust human-Al collaborative architecture. Our new anno-
tation pipeline and depth-based localization signi cantly improve
the semantic delity of the 3D maps, enabling end-users to mean-
ingfully embed spatial knowledge into the resulting reconstruction.
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Figure 2: Drone-based indoor scanning and reconstruction.
(A) The DJI Avata drone. (B) We collect footage of ights as
4K 30FPS videos. (C) We then extract frames from the footage
at 2FPS. (D) We useAgiso Metashape to estimate camera
extrainsics of the extracted frames and also conduct (E) 3D
reconstruction of the space.

3.1 Drone-based data collection

In line with prior work, we opt for RGB-only video input for its
practicality and broad compatibility with consumer drone hardware.
For safety and controllability during indoor ights, we primarily
used aDJI Avatadrone (cost $759 when purchased in 2024) as the
main testing drone for its propeller guards and immersive con-
troller headset. We select DJI Avata's wide-angle camera setting
which yields a 110-degree eld of view, and capture videos during
indoor ights at 4k resolution and 30 frames per second. To evaluate
the minimum requirements for e ective mapping, we also tested
our pipeline with a less advanced consumer drone, B Mini
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Figure 3: We employ SAM2 to segment key indoor facilities.
When user annotate in one frame, the mask will be propa-
gated to subsequent frames.

accuracy remains constrained by the quality of initial estimates.
Recent feedforward approaches like MAST3R-SLAM, [which
leverage learned priors for reconstruction, operate on two-frame
inputs and often produce inconsistent geometry that is di cult to
correct in post-hoc optimization.

Based on these evaluations, we selected the proprietary pho-
togrammetry software Agisoft MetaShape [39] as the most robust
option in terms of output quality, reconstruction success rate, and
computational e ciency. MetaShape performs SfM camera pose
estimation and 3D reconstruction reliably for large and complex
indoor spaces. Figure 2E shows the reconstructed 3D model, and
Figure 2D shows the estimated camera pose and ight trajectory.

2 (released in 2020, $450), which records 2.7K, 30FPS videos with

a smaller 83-degree FOV and a 12MP camera. Despite its lower3.3

speci cations, the pipeline still performed e ectively. Based on

Indoor Facility Segmentation
To embed key facility information into the reconstructed 3D map,

these tests, we recommend drones with at least a 122MP camera and FlyMeThrough employs the SAM24] video segmentation model

30FPS video capability for robust results. The lead author manually
controls the drone to steadily y through the public open spaces in
our tested buildings.

3.2 SfM Indoor Reconstruction

Following the same settings as our previous wold, we trans-
form the drone footage into image frames at 2 frames per second
to conduct indoor reconstruction. We systematically evaluated a
range of reconstruction methods, including state-of-the-art open-
source solutions such adeRF 36 61], Gaussian Splatting24,
COLMAP-based Sf\8Q, 51], as well as learning-based approaches
like MV-DUSt3R#62] andMAST3R-SLANB7].

Our experiments revealed that COLMAP struggles to reconstruct
building-scale indoor scenes due to cumulative drift and the lack
of loop closure 50, which leads to error propagation in large and
repetitive environments. NeRRBf and Gaussian Splatting?H],
which rely on COLMAP for camera pose estimation, inherit these
limitations and exhibit degraded performance in large-scale settings.
SLAM systems such d3ROID-SLAM63 reconstruct large-scale
scenes online and re ne them through global optimization, but their

to interactively identify and label key indoor objects. For each scene,
users make intuitive clicks on the video frames to annotate key
indoor objects, including pre-selected types drawn from existing
indoor scanning work pQ: door, elevatorramp, stairsetc., as well

as any customized categories named by users.

This design marks a departure from our previous systesf[
which relied on YOLOv864 for fully automated POI detection.
While e ective in automating object recognition, YOLOV8 lacked

exibility for open-vocabulary object types and precision for multi-
frame consistency, especially in novel or complex indoor scenes.
In contrast, SAM2 o ers several key advantages that informed our
decision to adopt it:

Interactive and E cient Annotation : SAM2 natively sup-
ports interactive prompts such as point clicks and bounding boxes

which integrate seamlessly into our Ul and provide intuitive
user interaction while minimizing annotation e ort. With mini-
mal user input, the model generates high-quality pixel-level masks,
signi cantly reducing manual e orts.

Generalization and Adaptability : While YOLOVS is limited
to closed-set object categories, SAM2 shows strong generalization
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across diverse object types and indoor layouts. Its zero-shot seg-
mentation capability enables accurate labeling of novel object in-
stances ideal for dynamic and unstructured indoor settings as well
as varied user requirements.

Precision and Continuity : SAM2 produces pixel-accurate seg-
mentations that capture ne object boundaries. This granularity is
critical for downstream ray-casting-based localization, where geo-
metric precision determines placement accuracy in the 3D space.
Also, the results are video segmentations that propagate across adja-
cent frames, which improve temporal consistency for the following
localization step.

In deployment, we employ a pretrained SAM2 checkpoifl;, [
which tokenizes all input video frames and infers object masks in
following frames based on a user-provided segmentation (See Fig-
ure 3 for an example). To enhance temporal consistency, we adopt
a local temporal control strategy. Speci cally, segmentation predic-
tions of a user annotation are retained only for consecutive frames
and are terminated when the target object exits the view. This helps
mitigate missegmentations caused by repetitive layouts a common
challenge in hallways or mirrored environments.

3.4 Localizing Indoor Features with
Depth-guided Ray-casting

The segmentation results, as masks over sequential video frames
are projected into the reconstructed 3D maps for localization. In our
previous system, this projection was performed by individual pixels
following the classical pinhole camera mod&7. Each masked
pixel was back-projected through the camera's intrinsic and extrin-
sic parameters to cast a ray into the 3D scene. Intersections between
these rays and the reconstructed surface mesh were computed, and
the resulting hit points were post-processed via spatial clustering
to generate 3D bounding boxes for each object instance. However,
this approach was highly sensitive to mesh artifacts, such as surface
holes and noise, which frequently led to fragmented or inaccurate
localization results.

To address this, we introducedepth-guided ray-casting strat-
egy that leverages monocular depth estimation to constrain ray

lengths within each image mask. This process generates a segmen-

tation point cloud to be raycasted as a whole, thereby signi cantly
improving localization accuracy and suppressing false intersections
caused by mesh artifacts.

Classical Pinhole Projection Model We retain the pinhole
camera model, where a 3D poi@ =L pe.pe/g9 is projected
to a image coordinatéDe« E with camera intrinsic matrix and
extrinsic parameters andG following:

3 Qs @)

2

P T

Given known ', andCfrom the SfM reconstruction, the only
missing component is the depthy value, which is traditionally
calculated by raycasting.

Create Segmentation Point Cloud with Depth Estimation
Although depth is not directly available in monocular RGB videos,
we can still estimate a relative depth for each pixel point in the
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Figure 4: We employ a depth-guided ray-casting to locate user
annotations. (A) Each annotation mask will be incorporated
with (B) inferred depth map to produce a 3D point cloud, (C)
which gets iteratively enlarged until intersection with the

"reconstructed 3D model.

same image frame using a state-of-the-art monocular depth predic-
tion model Depth Pro§]. We then use the predicted depth values,
indicated ag”,, to extrude the pixels in the segmentation mask to

3D coordinates®

a

@

-

1

= 19

This process produces a 3D point cloud from pixels in a 2D
segmentation mask, which captures the spatial extent and relative
depth landscape of the object in the scene. See Figure 4 for an
example. Note that the resulting point cloud is not metrically scaled
with the mesh model, as it is derived from predicted monocular
depth with an unknown global scale factor, which we iteratively
approximate in the following casting steps.

Uni ed Segmentation Point Cloud Casting Rather than ray-
casting each individual pixel (as in our prior approach) which can
be stopped by irregular geometry or go through holes, we cast the
segmentation point cloud as a whole. See Figure 4. We iteratively
exponentiate the scale of the point cloud by 1.01 and calculate the
correlation portion with the reconstructed mesh, until it reaches
a threshold (currently set as a xed 22% based on experiments).
This casting strategy avoids sensitivity to local mesh defects (holes,
clutter, irregular geometry), and helps preserve the object's shape
and orientation in the casting results. This prevents premature or
delayed intersection errors, and mitigates o set artifacts introduced
by surface irregularities. Compared with our previous system, the
casting process achieves higher geometric accuracy and better se-
mantic consistency within complex indoor 3D models.

)
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Adaptive Downsampling for E ciency  To optimize runtime also created a review interface that enables users to review the
performance during the cloud-based raycasting steps, we intro- output maps as interactive 3D models.
duce adaptive spatial downsampling. We reduce the point cloud
size while preserving its overall shape: The number of retained 4.1 Annotation interface

points is dynamically selected. Larger objects retain more points v create a web interface that enables e cient and intuitive in-
to ensure precision, while smaller ones are compactly represented. 4,4 po| annotation. Unlike traditional indoor mapping process
Thls_ balance_3|gn| gantly reduces computation while maintaining 4+ leverages CAD les and requires relevant design skills, our
su cient spatial delity. web interface shows the image frames of the drone footages and
. . enables click-based annotation operations to enable user to mark
3.5 Bounding Box creation any target objects, like entrances, doors, and stairs, in the image
After raycasting the downsampled segmentation cloud into the frames. Figure 5 shows the annotation interface, which include four
mesh, the resulting intersection points are clustered to generate a main components: Annotation canvas (Figure 5B) that shows image
nal 3D bounding box. This bounding box encapsulates not only frames, annotation points and masks, as well as bounding boxes of
the object's location, but also its approximate size and orientation processing results of annotations. Frames panel (Figure 5D), which
in 3D space. lists image frames of the drone footage in the order of time. An-
Since we raycast video segmentation results across multiple notation tools panel (Figure 5C), which includes types of objects
frames for the same object to further even out noise, this multi- for users to select from, and action buttons for speci ¢ annota-
frame casting result is a densely overlapping point cloud data. We tions and the overall annotation task. Annotation results panel
applyDBSCAN 14 to segment and lIter the point cloud, removing (Figure 5A), which lists the user-con rmed annotations, their pro-
outliers and preserving the most coherent geometric regions associ- cessing progress, and also enables reviewing of annotations.
ated with the object. We then compute a PCA-based approximation When annotating, users browse through the frames panel and
of the Minimum Volume Bounding Box1[Z for each cluster, which select video frames to annotate. They can create object instances
produces tighter, direction-aware bounding volumes that better with the annotation tools panel from either pre-de ned object types,
re ect the true geometric extent of the object, especially under or by creating new object types. For each object instance, users

non-uniform orientations. can optionally input a more detailed description and click on the
annotation canvas to select the target object. A SAMZ [model
3.6 Modularity of Implementation embedded in the web interface will provide a real-time segmenta-

tion mask, which can be revised by adding more positive points
or negative points. Positive points are added by clicking on the
non-masked parts of the canvas, and negative points by clicking
on the masked parts. Users can also clear points to restart, remove
the instance entirely, or, when they are satis ed with the anno-

As a multi-step pipeline that includes commaodity hardware, com-
mercial software, classical algorithms, state-of-the-art models, as
well as our original algorithms and methods, we realize the po-
tential limitation and space for future improvements in all these
components. In this case, we have designed our system to be modu-""* ) : g
larized so that each step or component can be replaced with better- {@tion, click con rm to send this annotation to our server, where
performing versions in the future. For example, while our current ~ the mask will be propagated to subsequent video frames by video
implementation uses monocular RGB inputs with estimated depth, S€gmentation44. The segmentation results, when nished, will be
the depth-estimation module can be seamlessly swapped with real Visualized as bounding boxes in the subsequent frames (Figure SE),
depth data if the drone is equipped with onboard depth sensors. and also further_processec_}l by raycasting (see subsection 3.4) to
Similarly, the 3D reconstruction module currently based on com- ~ ¢reéate 3D bounding boxes in the reconstructed 3D mesh.

mercial photogrammetry software can also be replaced with open- . .

source or more advanced reconstruction methods as they become 4.2 Visualization interface

available. This modularized architecture enables customized imple- We also implement another web interface to visualize the 3D indoor
mentation by future users to better adapt to their speci c hardware, maps, which include 3D mesh models that reconstruct the scanned

software, and also compute power limitations. indoor space, and also 3D bounding boxes that mark the location
and dimension of annotated indoor objects. Figure 6 shows this
4 THE FLYMETHROUGH INTERFACE interface, containing a space list panel (Figure 6A) for available

indoor maps, a 3D interactive canvas (Figure 6B) that shows the
indoor map, and also a right panel (Figure 6C) that lists all annotated
facilities, as well as a oor plan view of the 3D map rendered as a

reconstructed indoor 3D maps. This crucial mapping task cannot be  toP-down orthogonal view of the 3D map. Users can click and drag
fully automated with computer vision due to two reasons. For one, (0 rotate view angles, browse through a list of objects, hover on
facilities in indoor spaces vary in appearance, making them hard them to see them highlighted in the 3D canvas, and also click any
to be accurately detected by generalized models; For another, the OPi€ct to focus the view on it.

functions and importance of indoor facilities are highly speci c and

personalized in the site-speci c practices. In this case, we designed 5 EVALUATION

and implemented an annotation interface to enable human-Al col- We evaluate FlyMeThrough for its technical performance and over-
laborative creation of POIs in reconstructed 3D indoor maps. We all usability. We collected drone footage of 12 spaces with varying

As elaborated in the previous section, FlyMeThrough engages hu-
man users to provide ground knowledgiee.,identifying what and
where the most important and relevant indoor facilities are in the
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Figure 5: The annotation interface. (A) Annotation results panel shows all con rmed annotations. (B) Canvas shows the selected
frames and enables click-based annotation for segmentation masks, which will be highlighted with color. (C) Annotation panel

shows object types to choose from and annotation actions like  Clear Points, Com rm Annotation

, as well as nal actions like

Finish Annotation . (D) Frames panel lists all video frames available for annotation. (E) After user con rm an annotation, it gets
processed by our segmentation server in real time and the returned segmentation results for subsequent frames will be shown
as bounding boxes. (F) After nishing the annotation, interface shows a summary.

Figure 6: The review interface. (A) A list of spaces available
to review. (B) A 3D viewport shows the 3D map and anno-
tated objects. (C) List of annotated facilities, each can be
highlighted. Click on the "View" button will focus the view
to the bounding box. Interface also provide a button to go
back to bird view, and an orthographic top view of the map
as a oor plan of the space.

space types, sizes, vertical heights, and also functionalities. We pro- : - X
P yp g b | pants understand both the drone's operational capabilities and its

cess these spaces into 3D indoor maps to understand the technica
capability of our pipeline. We also evaluate interface usability with a
study among 10 participants, including ve building managers and
ve building occupants, which also aims to understand the practical
implications and potential barriers to implementing drone-based
indoor mapping systems.

5.1 Procedure

In order to conduct indoor drone ights, we rst reached out to
building managers to authorize and supervise us to y our drone in
their buildings. With approval, the lead author manually controlled
the drone to capture building spaces at o -hours to minimize risk
and disruption. We collected ight footage of 12 indoor spaces with
varying sizes, space types, and building functionalities. See Table 1
for more details. We then reconstructed the spaces with our system
to test robustness.

To evaluate the usability and performance of our interface, we
conduct a user study which guides participants to conduct POl an-
notation and 3D map review. The study is conducted through both
remote and in-person interviews, consisting of ve sequential parts:
(2) initial set up, (2) drone mapping demonstration, (3) annotation
interface experience, (4) initial interview and discussion, and (5)
nal model review and feedback. Each session lasted ~60 minutes.

The rst part begins with meeting the participant, reviewing and
obtaining informed consent, and conducting a brief background
survey. Building managers are asked additional questions about
their current building evaluation practices. In the second part, if the
participants have not withessed the drone ying process, they are
shown a comprehensive demonstration of the drone-based mapping
process through recorded footage from both the drone's perspective
and a bystander's view. This dual-view presentation help partici-

presence in the space. The third part focused on the annotation
interface, where participants were given hands-on experience with

the annotation process. In the fourth part, we ask a set of open-
ended questions to assess participants' reactions to the drone ight
process, evaluate the annotation system's usability, and explore
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Figure 7: Nine of the scanned spaces.

Table 1: Overview of Spaces with Video Data and Reconstruction Status

Space ID  Function Area(sqm) Height(oors) VideoLength Reconstruction Status

S1 Education 1600 6 3min45s Good

S2 Education 1400 4 2min33s Good
S3 Education 100 1 2min08s Good

S4 Oce 120 1 3min22s Good
S5 Education 180 1 2min10s Good

S6 Education 600 1 3min06s Good
S7 Exhibition 3000 2 6min07s Good

S8 Engineering 260 3 5min03s Good
S9 Oce 1100 4 5min33s Failed
S10 Engineering 2000 1 5min53s Good
S11 Education 800 1 4min02s Good
S12 Education 2400 3 9min13s Good

how this technology could be integrated into their existing building 5.2  Participants

evaluation practices or provide value in other applications. During  \\e recruited ve building managers to support our drone ights. All
this discussion period, the system processes the collected data in of these building managers are also interviewed in our user study.
the second part into an instance-embedded 3D model. The nal aqditionally, we recruited ve building occupants who are active
part began once the 3D model is ready. We demonstrate the nal sers of the scanned buildings. Demographics. Among these partic-
result through our interactive interface, showing participants how ipants, four witnessed our drone operations, and the rest watched
the drone-captured data translates into a usable building model. \;igeq recordings. Participants are compensated $25 per hour for
The session concluds with additional questions about their overall guiding and witnessing the drone ights and for participating in
experience with the system and their assessment of its performance oy yser study. See Table 2 for more demographics information.

in relation to their respective needs.
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