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Abstract—Navigating indoor environments is challenging due
to the absence of satellite signals. Existing solutions often rely
on auxiliary sensors such as Bluetooth or LiDAR to estimate
user location and provide turn-by-turn navigation cues. However,
these approaches typically require the deployment of beacons
or transponders throughout a building, increasing installation
costs and limiting scalability. In contrast, computer vision-based
methods operate independently using only a camera on the
user’s device, capturing richer visual information than traditional
sensors. This paper focuses on benchmarking absolute pose
regression (APR) techniques, which predict a camera’s absolute
pose (position and orientation) from a single image in an end-
to-end manner. Unlike conventional vision-based approaches,
APR does not rely on matching to a 3D model or performing
explicit geometric computations such as PnP. While prior work
has largely evaluated APR in small-scale environments, we
introduce a large-scale image dataset collected in a multi-floor
research facility and conduct a comprehensive evaluation of
state-of-the-art APR methods. Our results show that APR can
achieve robust sub-meter localization accuracy in complex indoor
settings, supporting its use as a practical backend for vision-based
indoor navigation systems.

Index Terms—dataset, benchmarking, absolute pose regression
(APR), deep neural networks, computer vision

I. INTRODUCTION

Indoor navigation remains a complex challenge due to the
unavailability of satellite signals, such as GPS, for indoor
localization. The dynamic and variable nature of indoor envi-
ronment scenes further complicates the positioning [1]. While
technologies like bluetooth low energy (BLE) beacons [2], Wi-
Fi [3], radio frequency identification (RFID) [4], and ultra-
wideband (UWB) [5] can improve localization accuracy, they
typically require extensive hardware deployment and mainte-
nance, limiting their scalability and practicality. These tech-
nologies generally work by measuring signal strength, time-
of-flight, or proximity to fixed reference points to estimate a
user’s position within an indoor space. In contrast, computer
vision-based techniques, as infrastructure-free alternatives, of-
fer greater flexibility by leveraging visual data and have
recently attracted growing attention [6]. Within this line of
research, accurately estimating the camera pose—the position
and orientation of the camera within a known environment—is
a fundamental step in indoor localization and navigation,
as it enables the system to determine the user’s location
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relative to the surrounding space. Researchers have explored
retrieval-based and 3D-2D matching approaches as backend
localization models for practical indoor navigation systems.
These two categories involve different trade-offs in hardware
dependence, prediction accuracy, inference speed, and robust-
ness. Retrieval-based methods estimate the camera pose by
comparing a query image with a database of keyframes with
known poses, selecting either the most similar pose or a
weighted average of the top matches [7]. While conceptually
simple, these methods require large storage for the image
database and suffer from constrained query speeds as the
dataset grows. To address these limitations, 3D reconstruction-
based approaches incorporate geometric information by build-
ing spatial models from sparse features [8] or dense point
clouds [9]. This added structure enables more accurate and
scalable pose estimation, as the query image is matched to a
3D representation rather than a flat image database. Camera
pose is then refined through geometric computations and
2D-3D matching [10]. However, these approaches typically
involve significant memory overhead and slower processing,
limiting their feasibility for real-time deployment.

Absolute pose regression (APR) [11] addresses these chal-
lenges by directly predicting the camera pose from a single im-
age through deep neural networks. It offers fast inference and
low memory demands, making it suitable for deployment on
lightweight client devices. While there is a slight compromise
in accuracy due to the camera relocalization, APR may provide
sufficient precision for real-time navigation. Furthermore, its
learning paradigm aligns well with other deep learning-based
computer vision tasks such as image classification, semantic
segmentation, and depth estimation [12]. However, existing
APR methods have primarily been benchmarked on the out-
door urban dataset Cambridge Landmarks [11] and the small-
scale indoor dataset 7 Scenes [13]. To date, there is little
evidence or prior research demonstrating that APR can reliably
operate in large and dynamic indoor environments. Its robust-
ness remains uncertain, particularly in settings where scenes
change over time and include numerous movable objects, such
as people. In this paper, we extend the evaluation of APR
methods to a complex, multi-floor indoor environment and
demonstrate their potential as scalable and effective backend
models for vision-based indoor navigation systems.

The main contribution of this paper is the creation of a
large-scale image dataset from a four-floor research building,
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Fig. 1. Examples of raw images in our dataset collected from HST, show-
casing typical indoor environments featuring dynamic elements, inadequate
signage, and complex layouts.

which captures diverse and dynamic indoor conditions, and
the demonstration that APR methods can achieve robust sub-
meter localization accuracy in such a complex, real-world
setting. This work lays the groundwork for deploying practical
smartphone-based navigation systems. To that end, the dataset
is designed to be scalable and easily replicable, relying solely
on a commodity off-the-shelf (COTS) phone camera and re-
quiring minimal manual effort for ground-truth annotation. All
image positions are aligned with widely available digital floor
plans to support visualization during navigation. In this paper,
we demonstrate that APR models can accurately localize
images on floor plans with high precision, even in dynamic
indoor conditions. Our benchmarks showcase the potential
of APR for indoor navigation, highlighting its robustness
to diverse environments, scalability across scene sizes, and
fast end-to-end inference—producing pose predictions from
a single image within milliseconds. With the release of this
dataset, we aim to foster further research into image-centric,
real-time indoor navigation based on single-image inference.

II. DATASET CONSTRUCTION

The goal of this dataset is to support data-driven models
aimed at solving the localization problem for future indoor
navigation applications. Achieving this requires a large-scale
dataset that accurately captures real-world indoor environ-
ments, including transient changes caused by moving people
or furniture. To ensure practical applicability across different
spaces, the data collection and annotation process must be
scalable and minimize human labor, making the solution both
affordable and replicable.

Algorithm 1 Camera Pose (6DoF) Annotation

Input: Video set V = {V7,---, Vv } by mobile cameras.
Output: Geo-registered ground-truth of camera poses (positions and orientations) on the
floor plan for extracted video frames.

1: Initialize frame interval A f. > Af ~ 16.
2:forn=1,---,N do
3: Sample the image sequences Z,, = {I1,- - , Ins, } from video V;, every A f

frames.
repeat
Run SfM algorithm on image set Z.
if Point clouds align then
Obtain camera pose for image sequences Z.

4
5 > Using COLMAP.
6

7:

8: else

9.

10

11

Sample more image frames Z’ at breaking points. >Af = %A f
Data augmentations: Z = Z U Z'.
: end if
12: until Point clouds align.
13: end for

A. Collection

We employ simple smartphone cameras to capture videos
(as opposed to LiDARs or more specialized cameras used
in [7], [14]), addressing a significant need for images while
streamlining the process to reduce human labor. This process
has the potential for further automation using roaming robots
in the future. In our study, we collected 400 videos in total,
each lasting 2 to 4 minutes, across four floors of Lehigh’s
largest research facility—the Health, Science, and Technology
(HST) Building'. We set the frame extraction interval to range
between 0.2 to 0.3 seconds to conduct a dataset of approxi-
mately 300, 000 images. It should be noted that our simplistic
way of expanding the dataset, either by recording longer
videos or more videos, or by setting a narrower time interval
to extract frames, facilitates easy and scalable deployment on
other buildings as well. This adaptability makes it suitable for
deployment in larger spaces or applications requiring higher
localization accuracy. To enhance the variety of our dataset,
we recorded videos at different times of day, with recording
dates spanning from December 2023 to June 2024. Figure 1
displays example images from our dataset.

To enhance the robustness of algorithms developed from
this dataset, videos were captured using four distinct smart-
phone models, in both landscape and portrait orientations.
These recordings were made in two different holding ways:
by human hand and using a smartphone gimbal stabilizer.
To comprehensively capture the variability of indoor envi-
ronments, recordings spanned various times of the day—
sunrise, morning, noon, afternoon, sunset, and evening. Videos
recorded after April are designated as testing set to ensure that
models developed using this dataset exhibit generalizability.
We acknowledge that despite our efforts to align this dataset
closely with real-world scenarios, the dataset biases still exist
and may be captured by models [15]. For example, our dataset
lacks the coverage of the fall season.

B. Camera Pose Ground Truth
There are multiple ways to annotate camera images with
accurate 6-DoF poses, but most rely on professional equipment

VHST is the largest building Lehigh has ever built. For more information,
please click this link.

Authorized licensed use limited to: University of Chinese Academy of SciencesCAS. Downloaded on October 30,2025 at 17:39:09 UTC from IEEE Xplore. Restrictions apply.



TABLE I
SUMMARY OF CAMERA RELOCALIZATION DATASETS. THIS TABLE EXCLUSIVELY COMPARES DATASETS THAT ARE PUBLICLY AVAILABLE.

Dataset Environment Device # Train / Test ~ Resolution Scope Ground Truth Tool  Error Level
Dubrovnik 6K [16] Outdoor - 6K / 0.8K — 1.5 x 1.5 km? SIFT Matching ~ 10 m
7-Scenes [13] Indoor Kinect depth camera 16K / 17K 640 x 480 4 x 3m? KinectFusion [17] < 10 cm
Cambridge [11] Outdoor Smartphone camera 8.4K / 4.8K 1920 x 1080 500 x 100 m? MVS [18] < 10 dm
12-Scenes [19] Indoor Structure.io depth sensor with iPad 240K / 6.7K 1296 x 968 80 m® VoxelHashing [20] ~ 10 cm
TUM-LSI [21] Indoor NavVis M3 trolley 875/220 4592 x 3448 5575 m? SLAM < 10 cm
InLoc [9] Indoor Faro 3D laser scanner 10K / 0.4K 1600 x 1,200 186 m? LiDAR + Manual ~ 10 dm
LRz [ Moot floilens % Sarotone, soxas0  asonow® GREASME caoam
360Loc [24] Indoor & Outdoor Velodyne lidar with 360° camera 9.3K / - 6144 x 3072 105 x 70 m? LiDAR + VIO < 10 cm
HST (Ours) Indoor Smartphone camera 212K / 88K 3840 x 2160 40 x 90 m? COLMAP [8] < 10 cm
such as the NavVis VLX 3D scanning backpack [21] or involve Conference Room  Garden 130C,
complex, often closed-source optimization pipelines that are 133, 6 gflock e

difficult to reproduce [24]. Table I summarizes existing camera
relocalization datasets across indoor and outdoor settings.
Notably, the Cambridge Landmarks dataset [11] is the only
one that employed a widely available device and open-source
tools to generate 6-DoF ground truth, achieving decimeter-
level accuracy outdoors. Inspired by this, we emphasize the
importance of low-cost, reproducible methods for ground-truth
annotation in indoor environments.

To this end, we initiate the process by executing Algorithm
1 to derive camera poses in world coordinates automated by
COLMAP?. Since the initial coordinate origins are arbitrarily
set by the 3D reconstruction process for different videos, we
redefine the world coordinate system by selecting the top-
left pixel of the floor plan (following OpenCV conventions)
as the unified origin. This geo-registration process involves
manually anchoring approximately 10 reference images, which
then enables real-time alignment of all subsequent images
using COLMAP.

C. Annotation of Pols

We assume the digital floor plan contains all Pols necessary
for navigation. To label regions of interest, we apply a sliding
bounding box over the floor plan, as illustrated in Fig. 2. Both
camera poses and Pols are then defined in pixel coordinates
and orientation angles relative to the floor plan, enabling
the association of predicted poses with nearby Pols without
requiring physical tags.

ITI. BENCHMARKING

To evaluate the generalization ability across ever-changing
indoor environments, we utilize images captured prior to April
15th as training dataset and images captured after May 1st as
testing dataset throughout the benchmarking process.

A. Preliminary

For clarity and consistency, we represent the camera pose by
a 2-element tuple [z, q] according to [11], where = € R3 de-
fines the position of camera center in 3D Cartesian coordinates
and g € R* is the unit quaternion encoding its orientation.

2COLMAP is available at this link.

Office 134,
12 o’clock

MJOpen Work Area
136, 6 o’clock

Fig. 2. The screenshot on the left displays the Pol annotator. Each Pol is
annotated by selecting a rectangular bounding box (highlighted in cyan) on
the floor plan and entering the Pol’s name. The orientation of the door is
determined using the clock position method, and priority numbers are assigned
to manage overlapping Pols at specific locations. This software allows users
to easily add, delete, and reload Pols. The right illustration shows how camera
poses connect with Pol regions on a floor plan. Corresponding responses will
be triggered when camera pose predictions fall within specific Pol regions.

Other variations focus on orientation representations, with
BranchPoseNet [25] employing an Euler angle representation
and MapNet [26] using a logarithm of the unit quaternion.
Our purpose is to directly regress the camera pose [Z, q]
from a single monocular image I using the trained function
f. The standard objective loss function is defined as follows:
A q
q EETETE 9
gl 1l
where [x,q] = f(I) represents the values predicted by our
models. Notably, 3 is a hyperparameter introduced to balance
the learning scales between position and orientation. Learnable
PoseNet [27] captures homoscedastic uncertainty [28] between
two tasks and omit 3 as

L) =z — |, +5- Q)

+50+5q, (2)
2
where 7, and s, are both learnable and only an approximate

initial guess is required.

—Sa ~ —Sq ~ q
£ =enfa -l koo o4
2

B. Settings

To ensure a fair comparison in benchmarking camera
relocalization, we employed identical CNN architectures—
ResNet-34 [38] and MobileNet-V3 [39]—across 14 mod-
els ranging from the pioneering PoseNet [11] to its latest
advancements [37]. All the models above were trained for
200 epochs. Specifically, for the PoseNet-series models, we
utilized the loss function defined in Eq.(1), setting 3 to e’
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TABLE II
MEAN AND MEDIAN ERRORS/ OF MODELS ACROSS FOUR FLOORS (BASEMENT, LOWER LEVEL, LEVEL 1, AND LEVEL 2) IN OUR DATASET.
BENCHMARKING IS LIMITED TO MODELS WITH PUBLICLY AVAILABLE CODE.

Model Backbone Basement Lower Level Level 1 Level 2
Mean Median Mean Median Mean Median Mean Median
PoscNet [11] ResNet-34  0.52m, 5.50°  0.42m, 4.52°  0.96m, 7.14°  0.71m, 5.70° 0.91m, 7.65° 0.52m, 621°  1.12m, 6.78°  0.72m, 5.99°
S MobileNet-V3  0.60m, 5.78°  0.52m, 5.01°  0.95m, 7.10°  0.69m, 5.59°  0.90m, 7.94°  0.50m, 6.34°  1.11m, 6.91°  0.73m, 6.04°
Bayesian ResNet-34  0.57m, 6.88°  051m, 5.70°  1.02m, 8.34°  0.75m, 6.04°  0.98m, 9.04° 0.61m, 7.38°  1.09m, 7.34°  0.71m, 6.51°
PoseNet [29]  MobileNet-V3 ~ 0.62m, 6.99°  0.60m, 5.98°  1.05m, 8.73°  0.79m, 6.48°  1.0lm, 8.93°  0.72m, 6.76°  1.09m, 7.52°  0.72m, 6.58°
LSTM- ResNet-34  0.49m, 620°  0.42m, 5.13°  0.92m, 7.43°  0.74m, 5.97° 0.81m, 7.54° 05lm, 549° 092m, 6.17°  0.59m, 4.73°
PoseNet [21] ~ MobileNet-V3  0.52m, 6.49°  0.41m, 6.24°  0.94m, 7.83°  0.73m, 5.99°  0.84m, 7.62°  0.52m, 5.73°  0.95m, 621°  0.60m, 4.41°
Learnable ResNet-34  0.39m, 3.41°  033m, 2.19°  0.76m, 3.24°  0.50m, 3.19°  0.70m, 430°  0.46m, 3.84°  0.87m, 3.90°  0.49m, 2.41°
PoseNet [27] ~ MobileNet-V3  0.42m, 3.90°  0.34m, 2.81°  0.78m, 3.20°  0.53m, 3.14°  0.75m, 476°  0.47m, 3.90° 0.91m, 474°  0.46m, 3.82°
Geometric ResNet-34  0.41m, 445°  033m, 3.01°  0.80m, 3.41°  0.55m,3.24°  0.73m, 428° 047m, 3.87° 0.90m, 5.21°  0.57m, 3.43°
PoseNet [27] ~ MobileNet-V3  0.46m, 3.89°  0.39m, 2.80°  0.83m, 3.40°  0.56m, 3.19°  0.77m, 491°  0.49m, 4.19°  0.94m, 5.32°  0.58m, 3.49°
Hourglass ResNet-34  045m, 5.95°  0.34m, 491°  0.88m, 5.47°  0.62m, 479°  0.81m, 623°  0.49m, 4.02° 0.85m, 6.87°  0.49m, 3.96°
PoseNet [30] ~ MobileNet-V3  0.53m, 6.18°  0.48m, 6.03°  0.89m, 5.86°  0.60m, 479°  0.83m, 6.48°  0.50m, 4.18°  0.94m, 8.31°  0.52m, 4.37°
BranchNet- ResNet-34  043m, 5.99°  0.32m, 472°  0.79m, 400°  0.48m, 325°  094m, 9.21°  0.65m, 6.27°  1.04m, 7.26°  0.78m, 6.13°
Euler6 [25] MobileNet-V3  0.50m, 6.23°  0.41m, 4.82°  0.84m, 431°  0.51m, 336° 098m, 9.74°  0.66m, 6.40°  1.16m, 8.17°  0.82m, 7.10°
MapNet [31] ResNet-34  0.39m, 341°  031m, 2.71°  0.70m, 3.75°  0.42m,3.10°  0.65m, 4.58°  0.44m, 3.90° 0.82m, 5.43°  0.48m, 3.97°
P MobileNet-V3  0.40m, 3.37°  0.29m, 2.65°  0.74m, 3.76°  0.43m, 322°  0.66m, 4.79°  0.41m, 4.21°  0.86m, 427°  0.50m, 3.21°
MSPN [32] ResNet-34  0.39m, 3.40°  030m, 2.68°  0.68m, 3.70°  0.42m,3.13°  0.69m, 5.17°  0.47m, 3.96° 091m, 3.71°  0.48m, 2.53°
MobileNet-V3  0.41m, 3.38°  0.30m, 2.58°  0.73m, 3.94  045m, 327° 0.71m, 532° 0.48m, 3.87° 0.92m, 4.14°  0.49m, 3.04°
Direct- ResNet-34  0.35m, 3.94°  027m, 3.10°  0.69m, 3.77°  0.44m, 2.69°  0.63m, 474° 0.41m, 3.90° 0.84m, 3.94°  0.46m, 2.97°
PoseNet [33]  MobileNet-V3 ~ 0.39m, 3.49°  0.28m, 2.88°  0.70m, 3.71°  045m, 2.71°  0.61m, 482° 0.42m, 3.89° 0.88m, 4.10°  0.45m, 3.04°
Ms- ResNet-34  0.35m, 447°  0.26m, 3.78°  0.63m, 3.74°  0.43m, 2.50°  0.60m, 4.66° 0.41m, 3.84° 0.83m, 421°  0.43m, 2.76°
Transformer [34] ~ MobileNet-V3  0.44m, 5.26  0.36m, 4.19°  0.65m, 3.89°  0.41m, 2.43°  0.61m, 4.06° 0.45m, 3.17°  0.85m, 4.18°  0.43m, 2.96°
PAE [35] ResNet-34  0.40m, 3.99°  027m, 2.87°  0.71m, 3.79°  0.45m,2.57° 0.71m, 523°  0.49m, 4.15°  096m, 4.73°  0.51m, 3.25°
MobileNet-V3  0.41m, 4.10°  0.27m, 2.93°  0.73m, 3.80°  0.47m, 2.63° 0.71m, 523°  0.49m, 4.15°  0.98m, 4.69°  0.52m, 3.09°
DENet [36] ResNet-34  036m, 349°  0.28m, 2.58°  0.60m, 3.80°  0.43m, 2.78°  0.64m, 4.82° 0.43m, 3.85° 0.81m, 437°  0.43m, 2.81°
MobileNet-V3  0.40m, 3.56°  0.34m, 3.16°  0.61m, 3.72°  0.42m, 2.55°  0.67m, 5.01°  0.47m, 3.91°  0.80m, 4.26°  0.45m, 2.90°
marepo [37] ResNet-34  0.37m, 3.40°  0.27m, 2.08°  0.60m, 3.68° 043m, 2.46°  0.62m, 4.17°  0.41m, 3.26°  0.80m, 4.03°  0.42m, 2.65°
P MobileNet-V3 ~ 0.42m, 3.88°  0.35m, 401°  0.62m, 3.84°  045m, 2.79°  0.63m, 4.89°  0.43m, 3.65°  0.84m, 4.14°  0.44m, 2.91°
1.0; e results [21]. Learnable PoseNet starts with initial guesses of
0.8 s, and s, set to 0 and —5, respectively, for all scenes [27],
' and then Geometric PoseNet continues training these mod-
EO-G‘ els using geometric reprojection data to balance positional
0 0.4 Level 2 and rotational errors per image. We employed feature map
¢ levell | concatenation in ResNet-34 and element-wise summation in
1 Lower Level . .
0.2 Basement MobileNet-V3 to combine features from the front layers and
0,8 0 05 10 15 20 25 3.0 achieve the optimal results in Hourglass PoseNet [30]. For
) ' POSi.tiOI’] EITOF- (m) ) ' BranchNet-Euler6 [25], the networks are split before the final
convolutional block to facilitate multi-task learning. Map-
1.0 - Net [31] configurations avoid updating model weights with
0.8 unlabeled data to maintain fairness in APR comparisons. Both
L 06 . MapNet and MSPN [32] adopt log-quaternion for rotation
Q- representation. Direct-PoseNet maintains a direct matching
0.4 . te"e:i ratio of photometric difference to the loss function Eq.(1) at
evel
0.2 Lower Level 3/7 [33]. MS-Transformer [34] and marepo [37] replaces only
Basement the convolutional backbones to extract activation maps while
0.0
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Orientation Error (°)

Fig. 3. CDF of errors on MS-Transformer across four floors.

across all four floors?. In the Bayesian PoseNet, uncertainty is
incorporated only before the layers with randomly initialized
weights, following [29]. LSTM-PoseNet models have the
hidden size of all LSTM units set at 256 to achieve optimal

3Specifically tuning 3 for each floor may yield better results.

preserving the encoder-decoder architecture of Transformers.
PAE embeds « and q using Fourier Features with expanded
dimensions of 12 (L = 6 in [35, Eq.(5)]). For DFNet, results
are confined to single-frame APR [36].

C. Results

Table II shows the mean and median errors for both camera
positions and orientations. Notably, even the pioneering work
of PoseNet [11] from 2015 can achieve sub-meter accuracy,
meeting the requirements for indoor navigation. We observe
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that the best performance in average is achieved by MS-
Transformer [34], which benefits from its model capacity
enabled by the use of Transformers and a multi-scene mixing
training strategy. Figure 3 illustrates the cumulative distribu-
tion function (CDF) of MS-Transformer’s predictions regard-
ing mean errors in positions and orientations across four floors.

IV. DISCUSSION
A. Potential Applications

1) APR methods development: Popular datasets commonly
used for benchmarking APR methods include 7-Scenes [13]
and Cambridge Landmarks [11]. These datasets, however, are
limited in scope and size, which can lead to the overfitting
phenomenon already observed in previous research [11], [27].
This limitation complicates the performance assessment of
new proposed models, particularly in an era dominated by
deep learning and foundation models. For instance, Bayesian
PoseNet [29] demonstrates inferior performance compared to
the vanilla PoseNet on HST. This discrepancy arises because
any dropout rate applied to PoseNet constrains its capacity
rather than serving its intended purpose of regularization.

2) Floor plan navigation development: Each image in
our dataset is geo-registered to a corresponding floor plan,
facilitating the development of learning-based methods that
utilize only RGB images for localization. While LiDAR-
based localization techniques have been explored extensively
in recent research [40]—[43], their practical application is often
constrained by the hardware capabilities of commonly used
mobile devices. In contrast, we anticipate that purely image-
based floor plan navigation will become more viable with
the availability of this large indoor navigation dataset. This
could pave the way for more accessible and widely deployable
navigation solutions that leverage visual data alone.

3) Deployment and test anywhere.: We will provide com-
prehensive details regarding the setup and organization of our
construction within the Lehigh HST building. The data collec-
tion process requires only a mobile phone, and to simplify this
process, we will also release the corresponding code, including
data pre-processing and annotation. Our team has also tested
APR methods in other buildings and deployed the trained
models as the localization engine for a smartphone-based nav-
igation app. We encourage other research groups seeking an
affordable and intelligent indoor navigation solution to adopt
and adapt this pipeline for use in their own environments.

B. Limitations

1) How to merge 3D reconstruction losslessly?: In our
dataset, we utilize COLMAP to reconstruct the 3D models of
indoor environments along each video path. Given that indoor
environments can be ever-changing, there currently lacks a ro-
bust algorithm to effectively merge these 3D point clouds from
different time. As a workaround, we utilize human supervision
to pinpoint several anchor images directly onto the floor plan.
These annotated points facilitate the geo-registration process
built in COLMAP to transform the coordinates of all 3D point
clouds. While this alignment method is not lossless—resulting

in an inevitable system error in camera poses of approximately
0.5 meters—we will release both the sparse and dense models
generated by COLMAP, before and after geo-registration, to
facilitate further research in this area. This contribution is
expected to further enhance the accuracy of positioning system
in indoor navigation.

2) Handling multi-floor transitions in indoor navigation:
While our experimental evaluation primarily focuses on a
single floor, practical indoor navigation requires seamless
localization across multiple levels. In our dataset, each floor
is independently reconstructed and geo-registered to its cor-
responding floor plan. Although camera height information is
recorded (currently set to zero per floor), vertical connectivity
features such as stairwells or elevators could be exploited for
continuous height tracking. Nevertheless, repetitive architec-
tural features across floors introduce additional challenges for
vision-based localization models. As a practical solution, we
treat floor transitions as discrete localization resets, where the
system detects a change in floor level (e.g., through visual or
sensor cues) and reinitializes pose estimation within the new
floor’s localization system. While this approach incurs some
overhead from backend model switching, it remains effective
given the lack of robust multi-floor localization algorithms.
Future work should aim to develop integrated methods for
continuous, multi-floor spatial mapping to further improve
indoor navigation performance.

V. CONCLUSION

In this paper, we introduced a large-scale image dataset
collected from a four-floor research facility to support the
development and evaluation of vision-based indoor localiza-
tion methods. Departing from traditional retrieval or matching-
based approaches, our work benchmarks APR techniques that
directly predict camera positions and orientations from single
images using deep neural networks. Through comprehensive
experiments, we demonstrated that APR models can achieve
robust sub-meter localization accuracy in complex, real-world
indoor environments, validating their potential for scalable and
lightweight navigation systems. Our dataset emphasizes low-
cost and replicable data collection, relying solely on COTS
phone cameras and minimizing manual annotation via 3D
reconstruction. Camera positions are aligned with digital floor
plans to fully leverage the rich spatial information associ-
ated with Pols. The dataset enables rigorous benchmarking
across dynamic scenes and varied architectural configurations,
making it a valuable resource for the research community.
Future work will extend the dataset to additional buildings
with more diverse layouts, while also improving annotation
precision through unsupervised learning and reinforcement
learning from human feedback (RLHF). The trained APR
model will serve as the backend for a smartphone-based
navigation app, which will be evaluated through extensive
user studies. We hope this dataset catalyzes further research
in image-based indoor navigation using end-to-end learning
approaches.
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