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Abstract. Indoor localization remains a challenging problem due to the
limitations of Global Navigation Satellite Systems (GNSS) in enclosed
environments and the practical constraints of infrastructure-based solu-
tions such as Bluetooth, WiFi, Ultra Wide Band (UWB), and Radio-
Frequency (RF) systems. Recent vision-based approaches have shown
promising results, but they often require manually annotated pose data,
computationally expensive reconstruction pipelines, or additional sensor
calibration and alignment procedures.

In this paper, we propose a lightweight vision-based framework for in-
door visitor localization in museum environments using frames extracted
from smartphone-recorded videos. We approach localization as a content-
based image retrieval task, matching query frames against a reference
database generated from 360-degree LiDAR acquisitions captured with
a Matterport scanning system. By directly leveraging the spatial meta-
data and acquisition graph natively provided by Matterport scans, the
framework automatically associates visual observations with spatial co-
ordinates without requiring any manual annotation.

We evaluate the proposed framework at the Museum of Archaeology of
the University of Catania (MAUC), demonstrating strong localization
performance in a real-world cultural heritage environment. Experimen-
tal results show that the proposed approach achieves up to 88.54% exact
viewpoint and 91.56% tolerance-aware localization accuracy, while oper-
ating in real time at only 80 ms per frame on lightweight hardware.

Keywords: Indoor Museum Localization - Content-Based Image Retrieval -
LiDAR-based visual database

1 Introduction

Positioning or localizing refers to the determination of the absolute or relative
placement of an entity in a 3D space. In outdoor environments, the localization
is typically obtained through analysis of radio signals from Global Navigation
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Satellite Systems (GNSS), often yielding accuracy on the order of 10 meters [22].
However, GNSS systems face significant limitations in indoor environments due
to multiple technological challenges, including multipath propagation [13], signal
attenuation caused by building materials [18|, insufficient satellite visibility |3
30], and signal distortion from electronic devices in enclosed spaces [§].

To address these limitations, mainstream indoor localization systems have
predominantly adopted Bluetooth, WiFi, Ultra Wide Band (UWB) [14], and
Radio-Frequency (RF)-based technologies [24]. However, bluetooth localization
is highly affected by signal reflection and refraction in indoor environments,
resulting in reduced transmission stability and localization accuracy [38]. WiFi-
based localization need for multiple access points, drastically increasing costs
when the size of the environment scales [14]. Similarly, UWB technology have
hardware-specific requirements that limit its adoption in large-scale deployment
scenarios |4L/6]. Instead, RF-based solutions are significantly affected by multi-
path propagation and signal interference in enclosed environments |[7].

Vision-based indoor localization has recently emerged as a promising alterna-
tive that relies only on visual information without requiring dedicated position-
ing infrastructures. Early methods were based on handcrafted feature match-
ing and spatially annotated image databases [19}|37], while later approaches
introduced Visual SLAM (Simultaneous Localization and Mapping) systems to
jointly perform localization and environment reconstruction [23//2633|. However,
these approaches require pre-built and spatially annotated image databases and
computationally expensive reconstruction pipelines. More recent deep learning
methods leverage convolutional neural networks to enable real-time localization
on mobile devices [17,|31,[36], and further improvements have been achieved
through semantic-based methods [12}28|, multimodal sensing [11}20}|25], and
domain adaptation strategies |15,21]. However, despite their effectiveness, these
approaches often rely on supervised pose annotations, additional sensor calibra-
tion, or complex preprocessing and alignment stages, limiting their scalability
and practical deployment in large indoor environments. To address these limi-
tations, we propose a vision-based framework for visitor localization in museum
environments using frames extracted from smartphone-recorded videos. Local-
ization is performed through a content-based image retrieval approach, matching
the query frames against a reference database generated from 360-degree Li-
DAR acquisitions captured at strategically selected viewpoints throughout the
museum using a Matterport scanning system. Each acquisition viewpoint is as-
sociated with spatial metadata providing its spatial coordinates, avoiding the
necessity of manual annotations.

We test our framework at the Museum of Archaeology of the University
of Catania (MAUC), demonstrating that the proposed retrieval-based localiza-
tion pipeline achieves up to 88.54% exact viewpoint accuracy and 91.56% under
tolerance-aware evaluation, while maintaining real-time performance at only 80
ms per frame on lightweight hardware. Extensive ablation studies further show
that simple brightness and contrast normalization effectively mitigates the do-
main gap between smartphone query images and Matterport renderings, and
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that lightweight architectures such as MobileNetV3-Large outperform deeper

ResNet-based models both in accuracy and computational efficiency. These re-

sults highlight the potential of image-retrieval based localization as scalable so-

lution for indoor cultural heritage navigation and visitor assistance systems.
The contributions of the paper can be summarized as follows:

— We propose a lightweight vision-based framework for indoor visitor localiza-
tion in museum environments based on content-based image retrieval from
smartphone video frames.

— We introduce an annotation-free localization pipeline that directly lever-
ages the spatial metadata and acquisition graph generated by Matterport
LiDAR scans, eliminating the need for manual pose annotation, reconstruc-
tion stages, or external alignment procedures.

— We build a viewpoint-aware reference database for the MAUC museum from
360-degree LiDAR acquisitions, enabling automatic association between vi-
sual observations and spatial coordinates.

— We evaluate the proposed framework on a real-world scenario at the MAUC
museum, achieving 88.54% and 91.56% in exact viewpoint and tolerance-
aware localization performance while operating in real time on lightweight
hardware.

2 Related Works

2.1 Vision-based Indoor Localization

Indoor localization is challenged by GNSS limitations in enclosed environments,
where signal attenuation and multipath degrade positioning accuracy. This has
driven research toward image-based approaches, which leverage visual informa-
tion alongside advances in computer vision and deep learning. Early works rely
on handcrafted features: Liu et al. [19] use local descriptors to match query
images against a reference database, while |37] improve efficiency by combin-
ing ORB features with locality-sensitive hashing. Although computationally ef-
ficient, these methods remain sensitive to illumination changes, viewpoint varia-
tions, and repetitive textures. To address these limitations, Visual SLAM meth-
ods enable joint localization and mapping: [33] combine point and line features
in a visual-inertial framework, |26] leverage RGB-D data for improved geomet-
ric accuracy, and |23| propose a lightweight visual odometry solution, though
prone to drift over time. More recently, deep learning has been integrated into
SLAM pipelines, e.g. to filter outliers [34] or combine semantic understanding
with depth estimation [32]. Beyond SLAM, several works propose end-to-end
deep learning approaches for direct camera localization, including multi-scale fea-
ture aggregation [31], refined CNN architectures |36, temporal modeling across
frames [1], and lightweight architectures for real-time mobile applications [17]. A
further advancement is represented by semantic-based methods, which incorpo-
rate high-level scene understanding into the localization process. Uygur et al. [28]
exploited semantic cues extracted from panoramic images to improve robustness,
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while |12] combined semantic and contextual information with image matching to
enhance localization performance in complex environments. In parallel, retrieval
and feature matching-based approaches have been developed, where localization
is achieved by comparing query images with a database of reference images.
Wang et al. [29] proposed a hybrid method that combines learned feature repre-
sentations with key-frame selection to improve efficiency and scalability, reflect-
ing a shift toward learned descriptors and efficient matching strategies. Recent
research has also addressed robustness in challenging scenarios, such as low-light
environments and perceptual degradation. The authors of 35| proposed a sys-
tem based on thermal imaging combined with geometric constraints, enabling
reliable localization even in the absence of visible light. Finally, several works
explore multimodal approaches, combining visual data with additional sources
of information to enhance localization performance. The work of [20] integrated
visual and geometric features within a deep learning framework, while |25, com-
bined multiple sensors to improve robustness. Similarly, |[11] proposed a system
that integrates deep visual features with sensor data to achieve accurate and
real-time indoor localization.

2.2 Structured 3D Scanning for Indoor Reference Map Construction

The construction of structured visual databases from 3D scans has emerged as
a foundational step for image-based indoor localization. Chang et al. [5] intro-
duced Matterport3D, a large-scale RGB-D dataset collected using the Matter-
port scanning platform, comprising 10,800 panoramic views from 194,400 RGB-
D images across 90 building-scale scenes. The dataset provides camera poses,
surface reconstructions, and semantic annotations, enabling a variety of scene
understanding tasks including camera relocalization. Crucially, the Matterport
platform generates structured metadata, including viewpoint identifiers and pre-
cise 3D coordinates, automatically during acquisition, without requiring manual
annotation. Building on the availability of such structured reference databases,
Taira et al. [27] proposed InLoc, an indoor visual localization framework that uses
panoramic 3D scans as a reference database against which smartphone-captured
query images are matched. The database images are perspective cutouts ex-
tracted from panoramic scans acquired at discrete positions, and localization is
achieved through image retrieval followed by dense feature matching and pose
verification. This work establishes a paradigm closely related to ours: a struc-
tured scan-derived reference database is queried at inference time using images
captured by a handheld device, with no need for real-time sensor infrastruc-
ture. Differently from InLoc, which requires manual annotation of query poses
for evaluation, our framework fully exploits the automatic metadata provided
by the Matterport platform, including viewpoint identifiers, room assignments,
and 3D coordinates, eliminating any manual labeling overhead. Furthermore, the
spatial topology of viewpoints, encoded as a graph of 3D positions, is leveraged
to define tolerance-based evaluation metrics that reflect the sub-meter precision
requirements of museum navigation applications.
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Fig. 1: The figure shows the methodology behind our framework. In the offline
phase, a visual database is generated using a Matterport Pro3 LiDAR scanner.
In the online phase, frames extracted from user-recorded videos are matched
against the visual database to recognize the position.

3 Proposed framework

In this work, we propose a computer vision—based framework aimed at estimat-
ing the position of a user in an indoor environment without requiring human
annotations (fig. [1]). Specifically, the proposed approach relies on image retrieval
to identify the location by leveraging a set of predefined viewpoints, used as refer-
ence positions and acquired through a Matterport scanner. The framework uses
frames extracted from a video recorded by the user with its smartphone camera,
and compares them with the viewpoints. This process identifies the most likely
viewpoint corresponding to the user’s position, effectively preventing the need
for additional sensors or infrastructure.

3.1 Data acquisition

We collected two datasets from the MAUC: (i) the reference dataset containing
LiDAR scans of museum halls acquired from pre-determined viewpoints; (ii) a
testing dataset with videos simulating a visitor which navigates the museum.

Reference Dataset. This dataset includes 1,492 images covering the five exhi-
bition rooms of the museum, acquired using a Matterport Pro3 LiDAR scanner.
The device captures full 360° panoramic scans (295° vertically) in less than 20
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Fig.2: MAUC museum images acquired from the Matterport scanner, used to
create our visual database.

Fig.3: MAUC museum images acquired using a smartphone camera while walk-
ing throughout its halls.

seconds per sweep, featuring a 20 MP image sensor with ultra-wide angle lens,
an output panoramic resolution of 134.2 MP, and a depth resolution of approx-
imately 1.5 million points per scan at a rate of 100,000 points per second, with
a spatial accuracy of +£20 mm at 10 m range. During the acquisition phase, the
Matterport device was positioned at a set of 38 predefined locations, referred
to as viewpoints, from which full 360-degree panoramic images were captured.
Subsequently, the dataset is constructed by extracting perspective images from
each panoramic view at regular angular intervals of 20 degrees along the hori-
zontal axis. For each horizontal direction, three images are generated by varying
the pitch angle: one at 0°, one tilted downward by 10°, and one tilted upward
by 10°. Examples of the acquired images are shown in fig. 2} Since the view-
point positions and adjacency relationships are automatically provided by the
Matterport platform as structured metadata, it does not require any manual
annotation. Specifically, for each viewpoint the platform exports metadata, such
as a unique identifier (sid/uuid), the 3D position coordinates (z,vy, z) derived
from the LiDAR sensor of the Matterport Pro3, the camera rotation, and the
list of adjacent viewpoints (neighbors). These metadata are organized as a spa-
tial graph in which each viewpoint is connected to its three nearest neighbors.
This graph structure is later leveraged to define the tolerance-based evaluation
metrics described in Section [l
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Testing Dataset. This dataset includes 1001 images of the museum obtained
from videos recorded using a smartphone camera, simulating a visitor navigat-
ing the museum. Videos are acquired at eye-level to simulate a realistic usage
scenario in which a visitor naturally explores the environment while holding
a smartphone. Each frame has been then labeled with the nearest viewpoint.
Examples of the acquired images are shown in fig. 3]

3.2 Image-based indoor localization

Extracting Features Representation. For each frame extracted from the
user video, we identify the most similar viewpoint to infer the spatial localization
of the visitor. With this aim, we extract feature representations z, = f(¢) and
z; = f(x;) from query frames and reference images respectively, where f(-) is a
CNN, q is the query and {z;}, are the reference images. We then fo-normalize
these features vectors before using them in the image retrieval process.
Retrieving the nearest viewpoints. We build upon a Content-Based Image
Retrieval (CBIR) approach [16| that predicts the visitor position by match-
ing images extracted from a user-recorded video against a reference database.
Let ¢ € R¥*H*W denote the query image and D = {x; € R3>*H*XWIN  the
reference dataset. The goal is to retrieve the K nearest reference images with
respect to the query. To efficiently perform the retrieval, we employ Annoy |[2],
an open-source library designed for approximate nearest neighbor search with
low memory footprint. Given the query z, and the reference images embeddings
zi, nearest neighbors are retrieved according to the angular distance computed
in the embedding space. Formally, the set of nearest neighbors is defined as:

Nk (zg) = {2 s (1)

where z(;) represents the i-th nearest neighbor retrieved ranked by similarity
to the query embedding z,.
Weighted Voting Approach. To reduce the effect of possible incorrect re-
trieved neighbors, we use a weighted voting approach that prioritizes neighbors
that exhibit high similarity with the query. Specifically, for the i-th nearest neigh-
bor, let d; denote the angular distance returned by Annoy. We convert this dis-
tance to a weight as w; = 1.0 — d;, ensuring that neighbors with smaller angular
distances (i.e., more similar to the query) contribute more strongly to the final de-
cision, having higher weights. For a given prediction task, let ¢; € {¢1,0o,..., ¢}
denote the label associated with the i-th nearest neighbor (where m is the num-
ber of classes). We accumulate weights across all top-K neighbors belonging to
the same label:

K
i=1

where 1[] is the indicator function. The final prediction 7 is then determined
as the label with the maximum accumulated weight, i.e. £ = arg max, W,.
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Temporal Voting for Sequence Smoothing. Since we process video sequence
captured by the user, we leverage temporal voting to smooth predictions across
consecutive frames to improve prediction stability and temporal consistency.
Specifically, given a sequence of predictions for frames extracted from the video

{0y,05, ... 07} (where T is the total number of frames), we use a sliding window
of size w and we compute the majority vote within each window, as follows:
gt = mode{@t_w+1,ft_w+2, ‘e ,ét} (3)

where mode(-) denotes the majority voting operator, returning the most fre-
quently occurring label in the window, thereby providing the final viewpoint
prediction. The final visitor localization is finally inferred by assigning the spa-
tial position of the predicted viewpoint. Since we retrieve one viewpoint for each
sliding window, the user position is temporally updated accordingly providing
a real-time estimation. The hyperparameter w provides us with a trade-off be-
tween position estimation frequency and computational requirements. In fig. [5a]
we show performance with different values of w.

4 Proof-of-Concept and Experiments

In this section, we report and discuss the results of the experimental evaluation
carried out as a proof of concept to assess the effectiveness of the proposed
framework to identify the position of visitors in the MAUC museum.

4.1 Implementation Details

As feature extractor, we adopted and compared the performance of four differ-
ent pre-trained convolutional neural network, namely MobileNetV3 Large [10],
Resnet18, Resnet50 and Resnet101 [9]. For the retriever, we build the Annoy in-
dex using 300 trees and we set the number of retrieved neighbors k = 3 and the
Annoy search parameter to 20000. For the temporal smoothing, we use a slid-
ing window w = 7 frames. To reduce the domain shift between query (obtained
from smartphone cameras) and reference images (obtained from rendered Li-
DAR scans), we perform data enhancement on query images through brightness
and contrast normalization with Matterport statistics. Both query and reference
images are resized to 320 x 320 and 512 x 512, when using the MobileNetV3 and
ResNet architectures, respectively. Note that no enhancement is applied to the
reference images, preserving the clean render quality of Matterport scans. Our
framework is implemented in Python and evaluated on a computer equipped
with 12 GB of RAM, an Intel Core i5-8265U CPU, and an integrated Intel UHD
Graphics 620 GPU.

4.2 Evaluation Metrics

As each viewpoint can be treated as a single class, to evaluate the performance of
our framework we use the accuracy score. Specifically, we define Fzact Viewpoint
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Table 1: Viewpoint accuracy (%) comparison: exact, tolerance-1, and tolerance-2
configurations across all tested models. Best results in bold.

Model VP Exact VP Tol-1 VP Tol-2
ResNet18 78.39 85.43 90.35
ResNet50 69.95 75.98 78.29
ResNet101 72.46 80.60 84.02

MobileNetV3-Large 88.54 91.56 93.57

Accuracy (VP Ezact) as the percentage of query frames for which the predicted
viewpoint exactly matches the ground-truth viewpoint, with no margin of error
allowed. Moreover, to account for spatial ambiguity in viewpoint localization, we
introduced a tolerance strategy defined in two levels as follows: (i) Tolerance-1
(Tol-1), where a prediction is correct if it matches the ground-truth viewpoint or
its nearest spatial neighbor, and (ii) Tolerance-2 (Tol-2), where the prediction
is correct if it falls within the two nearest neighbors. We also evaluated the
computational efficiency of our framework, assessed in terms of peak RAM usage
(MB) and average inference time per image (seconds).

4.3 Experimental Results

This section presents experimental results obtained on the MAUC museum. The
experiments evaluate the effectiveness of the proposed framework in estimating
visitor position within the museum, by processing images extracted from user-
recorded videos, and the impact of tolerance-based assessment criteria.
Viewpoint Identification. We evaluate our framework on both the exact view-
point identification and the tolerance-based localization, where predictions are
considered correct if they fall within the first or the two nearest neighboring
viewpoints. We report results in table[Il As expected, all models exhibit a con-
sistent improvement under tolerance-based evaluation, achieving approximately
92% accuracy in the Tol-1 setting and 94% in the Tol-2 setting, compared to
the exact localization reaching an accuracy of approximately 89%. While the
tolerance-based strategy increases performance, it also reduce spatial precision,
as the predicted positions spans multiple viewpoints. To quantitatively evaluate
this effect, we leverage the Matterport spatial graph to compute the average
distance between viewpoints. As shown in fig. [l Tol-1 corresponds to an aver-
age spatial uncertainty of 1.317 m (£0.317 m, range: 0.810-2.096 m), indicating
that the nearest neighbor is typically within 1.3 meters, a distance that can still
be considered acceptable for indoor navigation. Conversely, Tol-2 increases this
uncertainty to 1.717 m (£0.374 m, range: 1.101-2.631 m). Therefore, considering
both localization accuracy and spatial error, the Tol-1 configuration is the best
trade-off between accuracy and spatial tolerance.

On architectural comparison, table [ shows MobileNetV3 Large as the best-
performing model, achieving approximately 89% accuracy for the exact view-
point prediction and improving to 92% and 94% under Tol-1 and Tol-2, respec-
tively. These results significantly outperform ResNet-based architectures, which
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Fig. 4: Metric errors under Tolerance-1 (Tol-1) and Tolerance-2 (Tol-2) settings.

Table 2: Computational resources requirements: per-frame execution time (sec.)
and peak RAM (MB) consumption for each model tested. Best results in bold.

Model Time RAM
MobileNetV3-Large 0.08 597.85
ResNet18 0.24 637.62
ResNet50 0.43 717.68
ResNet101 0.71 77177

exhibit drops of up to 20% and rarely exceed 90%. Notably, bigger architec-
tures such as ResNet50 and ResNet101 perform worse than smaller ones. This is
probably due to larger features vectors that are more affected by domain shift.
Computational Requirements. Our framework can enable future indoor nav-
igation systems on mobile devices, which are limited by computational cost and
inference time. Results in table 2] show that MobileNetV3-Large achieves opti-
mal performance, processing each frame in 80 ms while consuming only 598 MB
of RAM. This is approximately 3x faster than ResNet18 (244 ms), 6x faster
than ResNet50 (443 ms), and 9x faster than ResNet101 (711 ms). At the same
time, the lightweight memory footprint (< 800 MB across all models) confirms
the framework is suitable for deployment on mobile and edge devices with con-
strained computational resources.

5 Additional Analysis

Here we present additional analyses on our framework, performed with the Mo-
bileNetV3 Large. Specifically, we analyze: (i) temporal voting window size w, (ii)
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bors for localization performance.

the number of retrieved nearest neighbors &, (iii) the impact of query image en-
hancement strategies, and (iv) performance with hierarchical-based predictions.
Temporal Voting Window. Figure [5a] shows performance with different val-
ues for the temporal window size from w = 1 (no smoothing) to w = 10 frames.
Performance shows a general improvement with increasing window size, reflect-
ing the benefits of temporal smoothing. However, they reach best accuracy at
window size 7 (91.6%), while reducing performance with higher values.

Top-k Nearest Neighbors. Figure [5b|shows performance with different values
for the number of retrieved reference images k. Best performance is achieved at
k = 3, reaching an accuracy of 91.6%. Beyond this point, performance degrades
monotonically, with the worst results observed at & = 20. This behavior reflects
the properties of the weighted voting scheme with angular distance metrics,
where the top 3 neighbors provide the most discriminative information, while
additional candidates introduce noise and reduce localization accuracy.

Image Enhancement Strategies. To reduce the domain gap between smart-
phone query frames and Matterport reference scans, we compare 6 sets of image
enhancements:

— EO0: No enhancements applied.

— E1: Pixel brightness and contrast normalization to match Matterport statis-
tics.

— E2-E5: Progressive addition of bilateral denoising, unsharp masking, white
balance, and CLAHE.

As shown in table [3] E1 represents the optimal configuration, consistently
improving over the baseline E0 with a gain of +3.02% in accuracy. This sug-
gests that simple lighting normalization is sufficient to reduce the domain gap
between smartphone captures and Matterport reference scans. Conversely, other
enhancements (E2-E5) produce substantial performance degradation, revealing
that multi-stage preprocessing degrades the discriminability of CNN features.
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Table 3: Viewpoint with 1-neighbor tolerance accuracy (%) when varying the
image enhancement configurations. Best result in bold.

Enhancement VP Tol-1
EO - No enhancement 88.5
E1l - Brightness/contrast norm  91.6
E2 - E1 + Bilateral denoising 78.7
E3 - E2 + Unsharp mask 73.7
E4 - E3 + White balance 72.9
E5 - E4 + CLAHE 67.7

Table 4: Viewpoint (VP) accuracy (%) comparison between Global and Room-
conditioned settings under different evaluation criteria. Best results in bold.

Setting VP Exact VP Tol-1 VP Tol-2
Global 88.54 91.56 93.57
Room-conditioned  84.32 87.74 89.55

Room-based Hierarchical Prediction. Here, we evaluate the accuracy val-
ues obtained using a room-based hierarchical prediction approach where we first
predict in which room the query has been acquired and then we perform retrieval
only among viewpoints associated with the predicted room. Despite this hierar-
chical approach reduces the search space and requires rooms human annotations,
results in table[d]reveal a performance degradation with accuracy dropping about
4% across the evaluated settings. These results further demonstrate the effec-
tiveness of our framework which obtains high localization performance without
requiring any human annotation, making it suitable for real-world applications.

6 Conclusions

In this work, we presented a lightweight, annotation-free vision-based framework
for indoor visitor localization in museum environments using frames extracted
from smartphone-recorded videos. The proposed approach formulates localiza-
tion as a content-based image retrieval problem, matching query images against
a structured reference database built from Matterport Pro3 LiDAR scans. By
directly exploiting the spatial metadata and acquisition graph provided by the
scanning system, our method removes the need for manual annotation, address-
ing key limitations of existing vision-based indoor localization approaches.
Experimental results on the MAUC museum dataset demonstrate that the
proposed framework achieves strong localization performance, reaching up to
88.54% exact viewpoint accuracy and 91.56% under tolerance-aware evaluation
while operating in real time on lightweight hardware. We also investigated the
impact of different CNN architectures and found that lightweight models such as
MobileNetV3-Large consistently outperform deeper ResNet-based architectures
in both accuracy and efficiency. Overall, the results highlight the effectiveness of
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retrieval-based localization as a scalable and practical alternative to traditional
infrastructure-based, SLAM-based, and fully supervised learning approaches for
indoor environments. Future work will focus on extending the approach to larger
and more diverse environments, improving robustness under stronger domain
shifts through adaptive or self-supervised feature learning, and integrating the
proposed localization framework into end-to-end navigation and visitor assis-
tance systems for cultural heritage applications.
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