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Abstract

Human activity and structural modifications continuously alter shared indoor spaces, leading to challenging conditions for reliable
localization and motion understanding. To investigate and analyze the impact of such dynamics on long-term indoor localization, we
present a multi-scenario dataset designed under controlled levels of occlusion and environmental change. The data were collected
in a university entrance hall configured to simulate a conference environment, with movable poster walls and natural pedestrian
activity around them. A movable LiDAR platform was used to collect data within the environment, while four synchronized
overhead Al cameras captured multi-view pedestrian motion. The image data from the cameras are synchronized with the LiDAR
point clouds, enabling joint analysis of pedestrian behavior in both 2D and 3D domains. Three scenarios, named extreme occluded,
semi occluded, and free space, represent increasing levels of structural modification and visibility loss. High-precision ground truth
was established using total station tracking. The dataset enables systematic research on localization performance under evolving
indoor conditions and supports the analysis of pedestrian behavior and human-robot interaction in shared spaces.

1. Introduction

Dynamic indoor environments pose substantial challenges for
autonomous systems and spatial computing applications. Un-
like controlled or static settings, indoor spaces are subject to
continuous change caused by moving pedestrians, temporary
occlusions, and long-term structural modifications such as fur-
niture rearrangements or the introduction of partitions. These
dynamics directly affect perception, map consistency, and mo-
tion planning, thereby limiting the robustness of algorithms that
rely on stable scene structure. Among these factors, pedestrian
activity represents the most frequent and unpredictable source
of variability. Human motion leads to short-term occlusions,
alters line-of-sight to structural elements, and produces highly
non-repetitive patterns that complicate scene interpretation. For
autonomous systems operating in shared spaces such as ser-
vice robots in public facilities, mobile platforms in factories,
or AR applications in crowded halls, understanding pedestrian
behavior is essential not only for safe interaction but also for
reliable localization and navigation. Accurate localization re-
mains a central requirement for these tasks. In dynamic envir-
onments, algorithms must maintain precise pose estimation des-
pite changing visibility conditions and inconsistencies between
live sensor observations and pre-existing maps.

To study these challenges, we introduce a dataset that integrates
long-term indoor localization with pedestrian behavior analysis.
The data were collected in a university entrance hall that was in-
tentionally configured to simulate a conference setting. Poster
walls and movable furniture were arranged to create varying
levels of occlusion, while natural pedestrian activities were re-
corded to capture diverse behaviors. A mobile sensor platform,
mounted on a push cart and equipped with LiDAR and IMU,
provided ego-centric data for localization benchmarking, while
four AI cameras installed in the corners of the hall recorded
synchronized overhead views of pedestrian motion. Since ped-
estrians can be detected both in the images and in the LiDAR

point cloud, and these modalities are spatially aligned, the data-
set enables research in both 2D and 3D domains. This com-
bination supports the evaluation of localization algorithms un-
der controlled environmental variability and the analysis of nat-
ural human activity in shared spaces. By combining ego-centric
sensor data with synchronized overhead camera views, the data-
set bridges the gap between localization and human activity
analysis. It enables benchmarking of algorithms under real-
istic indoor dynamics and opens new opportunities to study in-
teractions between autonomous systems and pedestrians. We
expect this resource to support research on both robust local-
ization and pedestrian behavior, contributing to safer and more
reliable autonomy in dynamic indoor spaces.

2. Related Work

The evaluation of localization and mapping algorithms relies
heavily on the availability of high-quality datasets with accurate
ground truth. Benchmarking frameworks based on real-world
sensor data are essential for systematically testing algorithmic
robustness and identifying limitations under realistic condi-
tions. While numerous datasets have been developed for out-
door environments, often targeting autonomous driving scen-
arios, comparatively fewer efforts have focused on indoor local-
ization, despite its critical role in applications such as logistics,
assistive robotics, and facility monitoring. Well-known outdoor
datasets like KITTI (Geiger et al., 2012) and EuRoC (Burri et
al., 2016) have established strong precedents by providing syn-
chronized multi-sensor data and precise trajectory ground truth.
However, comparable benchmarks for indoor environments are
still evolving. Several indoor datasets have been introduced to
support the development and evaluation of SLAM and localiz-
ation algorithms. These datasets differ in terms of sensor mod-
alities, ground truth acquisition methods, and environmental
complexity. Early contributions such as RAWSEEDS (Ceriani
et al., 2009), the MIT Stata Center dataset (Fallon et al., 2013),
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and the COLD database (Pronobis and Caputo, 2009) focused
primarily on static or structured indoor spaces, often using ex-
ternal tracking systems to generate accurate pose references.

In recent years, more attention has been given to capturing vari-
ability in indoor environments, but the focus has often remained
on extending spatial coverage or sensor diversity rather than
addressing localization under environmental change. For ex-
ample, the dataset from Kaveti et al. (2023) includes multi-floor
buildings and complex layouts, while others such as the TUM
RGB-D dataset (Sturm et al., 2012) provide RGB-D sequences
for visual SLAM evaluation under realistic sensor noise and
limited motion blur. FusionPortable (Jiao et al., 2022) extends
this direction by supporting multi-sensor localization across in-
door—outdoor campus scenes with a focus on cross-platform
use. The Hilti-Oxford dataset (Zhang et al., 2022) offers high-
precision ground truth using LiDAR and IMU data, mainly fo-
cusing on mapping accuracy in indoor settings. Event-based
sensors have also been included in benchmarks like VECtor
(Gao et al., 2022) to test SLAM systems under visually chal-
lenging conditions.

Furthermore, while several datasets provide long sequences and
heterogeneous data types, they often lack structured variation
across recordings. Scene changes are often incidental, mak-
ing it difficult to isolate the impact of dynamic elements such
as occlusion, temporary structures, or moving agents. A small
number of works, such as OpenLORIS (Shi et al., 2020), of-
fer repeated recordings in real-world spaces, but do not provide
control over the degree of environmental dynamics. The dataset
proposed by Trekel et al. (2025) offers a valuable benchmark
for long-term indoor localization, covering both short-term dy-
namics and structural changes across multiple rooms using 2D
LiDAR. Building on these efforts, our dataset extends this line
of research toward explicitly controlled and multimodal set-
tings. It introduces adjustable levels of environmental change,
including severe occlusions and long-term modifications, while
combining LiDAR and camera data. By systematically vary-
ing the scene configuration, our benchmark enables reprodu-
cible evaluation of algorithmic robustness under increasingly
dynamic indoor conditions.

In addition to dataset development, algorithmic advances such
as scene flow estimation have been proposed to capture short-
term dynamics in 3D data. Scene flow represents the point-
wise motion between consecutive LiDAR scans and has been
explored in recent works (Najibi et al., 2022; Wang et al., 2022)
for trajectory inference using unsupervised learning. It has also
been integrated into SLAM pipelines to improve pose estima-
tion and model rigid moving objects (Singh et al., 2021; Wang
et al., 2020). These approaches motivate the inclusion of dy-
namic scenarios in our dataset, where short-term changes and
object motion are explicitly captured for algorithm evaluation.

3. Data Acquisition and Scenario Design
3.1 Sensor Setup and Configuration

To address the challenges of long-term changes and high dy-
namics in indoor localization, and to provide multimodal data
for pedestrian behavior analysis, we employed both fixed multi-
view cameras and a mobile sensing platform. The fixed cam-
eras captured pedestrian activity and long-term structural modi-
fications, while an edge-based camera system, consisting of a
Raspberry Pi 5 paired with an IMX500 Al camera running a

lightweight YOLOVS detector, reduced redundant storage by
recording frames only when pedestrians were detected.

The sensor platform consists of a multi-sensor setup, primar-
ily featuring two 3D LiDARs and a 360° camera (see Figure 1).
The LiDAR configuration comprises an Ouster OS1 as the main
sensor, mounted horizontally and spanning a 45° vertical field
of view, and a Hesai Pandar 64, slanted forward at approxim-
ately 40°, capturing the environment that includes the ground
in front, the walls to the sides, and the ceiling at the back. The
system also features a Ricoh Theta X 360° camera, which cap-
tures 8K video at a lower 5 H z framerate to achieve high image
quality while minimizing data transfer rates. The camera op-
erates in dual fisheye mode, where the internal stitching of the
two video feeds is omitted in favor of a stable camera geometry.
Both LiDARs are recorded on a mini PC running ROS 1, and
stored in rosbag format, facilitating a common format regard-
less of the vendor for further processing, such as SLAM.

Hesai Pandar 64

Ricoh Theta X 360° camera

Figure 1. The platform includes a Hesai Pandar64 LiDAR, an
Ouster OS1 LiDAR, and a Ricoh Theta X 360° camera mounted
on a rigid frame for stable geometry and calibration.

For high-precision mapping and ground-truth validation, we
used a Z+F 5016C terrestrial laser scanner and a Leica total
station. Scene-wide reference point clouds were generated
through multi-station scanning and marker-based registration.
The final registered point cloud achieved an average alignment
accuracy of 1.0 mm (¢ = 0.7 mm), with a maximum target de-
viation of 3.2 mm. To obtain accurate ground truth, we tracked
a 360° reflective prism using the total station while collecting
LiDAR data. This setup ensured continuous line-of-sight track-
ing throughout the sequences.

3.2 Scenario Design

Long-term localization in indoor environments remains a sig-
nificant challenge, particularly due to changes that disrupt the
correspondence between incoming sensor data and pre-existing
maps. These changes include both transient dynamics (e.g.,
pedestrian motion) and semi-permanent modifications such as
newly introduced objects or partitions. Such alterations can ob-
scure map features, occlude structural landmarks, and lead to
ambiguous scan alignments, resulting in degraded or failed loc-
alization. To investigate these challenges in a controlled and
reproducible manner, we designed a dynamic indoor environ-
ment within a university entrance hall measuring approximately
40x10 meters (see Figure 3).

All data were recorded in the same physical space using an
identical sensor configuration. The scenarios differ only in the
intentional manipulation of occlusions and scene layout, al-
lowing us to simulate varying levels of environmental change
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Figure 2. Illustration of the three recording scenarios: extreme occluded, semi occluded, and free space. The left side shows the floor
plan with sensor placement, pedestrian distribution, and ground-truth trajectory, while the right side provides sample views from the
four fixed cameras.

while maintaining experimental consistency. The three result-
ing scenarios, extreme occluded, semi occluded and free space,
are illustrated in Figure 2, which shows both the floor plan with
sensor placement and the sample camera views. Each scen-
ario is evaluated against a static reference map generated via
high-resolution terrestrial laser scanning (TLS). This reference
represents an uncluttered environment without furniture, poster
walls, or pedestrians. Consequently, any additional elements
introduced in the dynamic scenarios constitute long-term devi-
ations from the reference, directly influencing the difficulty of
localization.

3.2.1 Extreme Occluded Scenario: This scenario presents
the most severe modifications. Eight poster walls are used
to construct an artificial corridor that obstructs line-of-sight to
most original structures. As a result, the LIDAR predominantly
perceives newly added elements, while returns from the refer-
ence environment are minimal or entirely absent. Pedestrian
movement further introduces short-term occlusions. This con-
figuration represents drastic long-term changes, such as renov-

Figure 3. Reference map from terrestrial laser scanning

ations or re-partitioned spaces, where scan-to-map alignment
becomes highly ambiguous. Successful localization in this set-
ting demands robustness to severe occlusions and the ability to
generalize to significantly altered environments.

3.2.2 Semi Occluded Scenario: In this scenario, we intro-
duce L-shaped poster walls and movable objects such as chairs
and tables. These additions partially occlude key structural fea-
tures visible in the reference map, requiring the system to local-
ize using an incomplete and altered subset of the original map.
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Sequence SO S1 S2 S3 S4 S5 S6 S7
Number of scans 3148 1628 826 1189 1568 1315 1223 1184
Duration [min] 5.25 2.71 1.38 1.98 2.61 2.19 2.04 1.97

Table 1. Number of LiDAR scans and recording duration for each sequence.

This setting reflects common real-world situations; such as re-
arranged offices or temporary setups, and tests the algorithm’s
stability under moderate environmental changes.

3.2.3 Free Space Scenario: This baseline scenario mirrors
the reference map, with no static obstacles introduced. The only
dynamic elements are 10—15 pedestrians exhibiting natural be-
haviors such as walking, interacting, or pausing. These transi-
ent occlusions affect LiDAR visibility but leave the underlying
structural layout unchanged. This setting serves as a reference
case to assess algorithmic robustness under dynamic, yet struc-
turally consistent, conditions.

To isolate the impact of scene dynamics on localization, all
scenarios were recorded under identical lighting conditions, us-
ing the same sensor setup. Only the spatial arrangement of ob-
jects and pedestrian activity was varied. Each scenario was re-
corded multiple times with distinct trajectories: two sequences
for the extreme occluded (SO, S1), three sequences for the semi
occluded case (S2, S3, S4), and three sequences for the free
space case (S5, S6, S7). This design enables consistent, repro-
ducible evaluation across varying levels of environmental com-
plexity. Compared to existing indoor datasets, the modifications
introduced in our setup are spatially localized and systematic-
ally designed to create distinct levels of occlusion, with the goal
of analyzing long-term localization performance under increas-
ing environmental change. Table 1 summarizes the number of
LiDAR scans and the corresponding recording durations for all
sequences.

4. Data Processing and Ground Truth
4.1 Time Synchronization

Time synchronization is a critical requirement for aligning and
processing data from multiple sensors. To achieve this, we
employed a combination of hardware and software based syn-
chronization methods to establish a unified time reference and
ensure consistent timestamps.

First, at the hardware level, we addressed the issue of synchron-
izing multiple sensors by establishing a common time base. To
synchronize the four cameras, the four computers to which they
were attached were connected locally via ethernet cables and a
network switch. Clock synchronization then was done by run-
ning the Network Time Protocol (NTP) service. One of the
computers was selected as NTP master and was provided UTC
time via a directly connected GPS module. As a result, while
the four cameras were free-running, all of them were time-
stamped in UTC time. Similarly, the mobile platform and the
total station each were free-running, but used their own GPS
modules to time-stamp measurements using UTC time.

At the software level, we ensured that all data in the dataset
could be accurately matched across sensors. To account for the
different frame rates of the sensors, the camera group, which
had the highest frame rate, was selected as the reference for
data-level synchronization. The start time of data acquisition

from the master camera was defined as the start time for the en-
tire system. Each of our sensors provides timestamps for every
frame with an accuracy better than one millisecond. By match-
ing the nearest frames of each sensor to the master timestamp,
corresponding frames were determined.

4.2 Ground Truth Generation

To establish accurate reference trajectories for benchmarking, a
total station continuously tracked a prism target rigidly moun-
ted on a pole attached to the sensor platform during data col-
lection. The resulting timestamped 3D trajectories enable sys-
tematic evaluation of SLAM algorithms under varying indoor
dynamics. The ground-truth generation pipeline consists of the
following steps.

4.2.1 Prism Trajectory Transformation into the Reference
Map: The total station provided a timestamped 3D trajectory
in its local coordinate system. The timestamps were synchron-
ized with the LiDAR sensor to ensure correspondence between
prism positions and LiDAR scans. To express this trajectory
in the coordinate system of the reference map generated us-
ing TLS, we first measured approximately 200 control points
distributed across structural elements such as walls, floors, and
ceilings. These points were used to determine the spatial trans-
formation between the total station coordinate frame and the
reference map. The control points were registered to the refer-
ence map using Iterative Closest Point (ICP) alignment, result-
ing in a root mean square error (RMSE) of 2.3 mm, confirm-
ing high geometric consistency. The transformation matrix ob-
tained from this registration defines the rigid-body transforma-
tion between the total station and the reference map coordinate
systems. Applying this transformation to the prism trajectory
expresses it in the reference map frame, forming the basis for
subsequent steps in the pipeline, including sensor—prism offset
estimation and benchmarking of SLAM-based trajectories.

4.2.2 Sensor-to-Prism Offset Estimation: To convert the
globally registered prism trajectory into the corresponding
LiDAR sensor trajectory, it is necessary to determine the fixed
spatial transformation between the prism and the sensor origin.
This transformation, referred to as the sensor-to-prism offset,
remained constant throughout all measurement sessions, as the
physical configuration of the platform did not change. To es-
timate the sensor-to-prism offset, we utilized the sequences re-
corded in the Free Space scenario (S5-S7), which offered min-
imal occlusions and reliable alignment conditions. In these
sequences, global localization was performed using an odo-
metry method that estimates sensor motion based on a constant-
velocity model applied between consecutive LiDAR scans. The
predicted poses were refined through Point-to-Plane ICP align-
ment with the reference map to maintain global consistency.
Given the synchronized timestamps of the LiDAR and total
station data, corresponding pose pairs were identified between
the estimated sensor trajectory and the prism trajectory. The
fixed spatial offset between the prism and the LiDAR sensor
was determined by optimizing the alignment between their cor-
responding trajectories. The optimization minimized the mean
Euclidean distance between matched pose pairs, resulting in
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the translation parameters (Az, Ay, Az) with an uncertainty of
approximately £2 mm (95% confidence) for all components.
This offset was then applied to all prism trajectories to obtain
globally aligned sensor trajectories for all recorded sequences.

4.3 SLAM Benchmarking and Trajectory Refinement

For each of the eight recorded sequences, four different SLAM
algorithms were executed: DDLO, FAST-LIO, LIO-SAM, and
KISS-SLAM. These methods represent a diverse range of al-
gorithmic designs. DDLO is designed to handle highly dynamic
environments using structured point cloud processing and dy-
namic object removal (Lichtenfeld et al., 2024). FAST-LIO is
a tightly coupled LIDAR-IMU method optimized for real-time
performance in structured environments (Xu et al., 2021). LIO-
SAM incorporates both LIDAR-IMU fusion and loop closure
for improved global consistency (Shan et al., 2020). Finally,
KISS-SLAM is a pure point cloud—based method that operates
without IMU input, focusing on simplicity and lightweight im-
plementation (Guadagnino et al., 2025). This variety enables
a balanced evaluation across different levels of scene dynam-
ics and highlights the comparative strengths and limitations
of each approach under complex indoor conditions. The out-
put trajectories from these methods were transformed into the
global reference frame by aligning each SLAM-generated map
with the reference map. With the known spatial offset between
the prism and the LiDAR sensor, along and using synchron-
ized timestamps, we established point-wise correspondences
between SLAM-estimated poses and ground truth positions re-
corded by the total station.

To quantitatively assess SLAM performance, we computed
two standard trajectory error metrics: Absolute Trajectory Er-
ror (ATE), Relative Pose Error (RPE), and the root mean
square of estimated accelerations (Acc_RMS) to assess traject-
ory smoothness and motion stability. These evaluations were
performed separately for each sequence. The benchmarking
results are presented in Table 1 and analyzed further in the Ex-
perimental Results section. For each sequence, the final refined
trajectory was obtained by replacing the translational compon-
ent of the best-performing SLAM pose with the correspond-
ing positions from total station, while retaining the SLAM-
estimated orientation. Since the total station does not provide
rotational measurements, this fusion results in a complete 6-
DoF trajectory, integrating high-precision positional data with
orientation estimates suitable for downstream tasks such as hu-
man activity analysis or map-based navigation.

5. Pedestrian Activity Dataset

To demonstrate the potential of this dataset for pedestrian be-
havior analysis, in this section we provide a concise description
and qualitative overview from three aspects: the experimental
design, the data-collection protocol, and potential applications.

5.1 Experimental Design

To investigate pedestrian detection, tracking, re-identification,
action recognition, and behavior understanding in specific spa-
tial environments, we conducted real-world motion capture ex-
periments in the three previously defined scenarios. A total of
fifteen participants took part in the recordings. To compare
differences in pedestrian motion and behavioral patterns un-
der high- and low-frequency interaction states (including non-
interactive conditions) and to enrich the diversity of actions and

behaviors in the dataset, we conducted eight groups of data col-
lection experiments across the three scenarios. During each
session, participants were instructed to simulate the assigned
interaction condition and were allowed to freely interact with
surrounding people or objects, including personal belongings
such as mobile phones.

In the extreme occluded and semi occluded scenarios, poster-
wall structures were intentionally arranged to create complex
visual conditions for pedestrian observation. In the extreme oc-
cluded case, a corridor was formed at the center of the scene (as
shown in Figure 2), while in the semi occluded case, five display
pillars were placed near the corners of the area. These config-
urations simulate realistic indoor environments with partial vis-
ibility, where pedestrians are occasionally captured by only a
subset of cameras and their movements are influenced by occlu-
sions from surrounding objects. At the same time, these objects
encourage diverse and natural interactions between participants
and the environment. The purpose of these two scenarios is to
provide challenging yet controlled conditions for studying ro-
bust multi-view pedestrian tracking and behavior interpretation.

Within these two scenarios, participants exhibited a wide range
of motion and interaction behaviors. In the extreme occluded
setup, they frequently walked through narrow passages, some-
times encountering others approaching from the opposite dir-
ection, leading to brief avoidance maneuvers, waiting behavior,
or spontaneous short exchanges. In the semi occluded setup,
some individuals stood near the poster walls or tables, read-
ing or discussing the displayed materials, while others moved
between different areas to join or leave small groups. Occa-
sional stop-and-go movements, short conversations, and body
rotations around poster walls created realistic crowd dynamics
typical of social or exhibition environments. These activities in-
troduce diverse spatial interactions and motion trajectories that
reflect indoor behaviors under varying visibility and crowding
conditions.

In the free space scenario, participants were instructed to sim-
ulate diverse behavioral patterns, including following, joining,
avoiding, and confronting. Unlike the other settings, no artifi-
cial occlusions were introduced. Instead, this scenario focuses
on the recognition and interpretation of multi-view pedestrian
motion, actions, and behavior patterns over time under unob-
structed visibility conditions.

5.2 Data Statistics and Synchronization

To demonstrate the usability of this dataset for pedestrian-
related research, we provide a descriptive overview of the col-
lected data in terms of interaction frequency and camera cov-
erage across the different scenarios. Each recording sequence
includes synchronized image streams from four fixed cameras
with a resolution of 640x480 px and a frame rate of 30 fps.
The detailed number of frames and recording durations for all
cameras and sequences are summarized in Table 2. Both high-
and low-frequency interaction sessions were recorded for each
scenario type to capture a wide range of pedestrian activities.

To further illustrate the characteristics of the collected data, it
should be noted that, due to factors such as variations in device
startup and shutdown times, viewing angles, and temporary oc-
clusions, the number of frames captured by each camera dif-
fers slightly. Nevertheless, since precise multi-sensor time syn-
chronization was performed during data acquisition, accurate
multi-view alignment can be achieved in practice by matching
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Camera SO S1 S2 S3 S4 S5 S6 S7
Cam 0 Number of frames 2982 2628 1247 - 1704 1740 765 1507
Duration [s] 251.8 231.4 118.2 - 183.2 118.0 49.1 143.8
Cam 1 Number of frames 5599 3876 1791 2663 3073 2018 2034 2280
Duration [s] 349.7 242.1 113.0 166.3 191.9 126.1 127.0 142.4
Cam 2 Number of frames 5481 3820 1820 2599 3216 1966 2025 2122
Duration [s] 346.7 239.2 113.6 162.3 201.0 122.9 126.5 132.5
Cam 3 Number of frames 5354 3646 1607 2580 - 1872 1903 2014
Duration [s] 334.5 227.7 100.3 161.1 - 116.9 118.8 125.8

Table 2. Overview of camera recordings for each sequence. Each pair of rows shows the number of frames and the corresponding
recording duration for each camera. A dash (—) indicates that the camera was not operating during that sequence.

corresponding timestamps across devices. The synchronization
accuracy of the four-camera system was validated during the
calibration phase by simultaneously recording a microsecond-
level timer display under a local area network configuration.
The results demonstrated a time synchronization error of less
than 1 ms. During actual data acquisition, a maximum temporal
deviation of approximately 27 ms was observed, primarily due
to network latency and hardware timing differences. Consider-
ing that the experiments were conducted at a sampling rate of
30 fps, this deviation corresponds to less than one frame inter-
val.

5.3 Potential Applications

The pedestrian dataset provides accurate multi-view visual data,
serving as a valuable foundation for reconstructing pedestrian
motion information such as 3D trajectories, velocities, and ac-
celerations, as well as for action recognition and behavior un-
derstanding in complex indoor environments. As illustrated in
Figure 4, occlusions caused by surrounding objects and partial
overlaps among pedestrians occasionally lead to missed detec-
tions in certain camera views. Rather than being a limitation,
these conditions reflect realistic challenges of crowded indoor
spaces and make the dataset particularly suitable for develop-
ing and evaluating robust multi-view tracking, re-identification,
and behavior analysis algorithms under partial visibility and dy-
namic interaction scenarios.

6. Experimental Results on Localization

In this section, we present a comparative analysis of SLAM per-
formance across all recorded sequences. Results are grouped
by scenario type to examine how varying levels of environ-
mental dynamics influence localization and mapping accuracy.
The presence of occlusions, structural changes, and moving
people introduces challenges such as scan misalignment, miss-
ing features, and inconsistent pose estimation. Performance is

Cam0 Caml

assessed using the error metrics introduced previously, with a
focus on trajectory accuracy, consistency, and motion stability.
The quantitative benchmarking results for all methods and se-
quences are summarized in Table 3.

6.1 Performance in Extreme Occluded Scenario

The extreme occluded sequences (SO, S1) were designed to
simulate highly challenging conditions for long-term indoor
localization. These scenarios involved frequent occlusions
from pedestrian movement and structural changes introduced
through the construction of artificial corridors using poster
walls. This tunnel-like configuration significantly reduced
LiDAR visibility to static elements in the reference map, lead-
ing to degraded scan alignment. Among the evaluated methods,
DDLO consistently achieved the highest accuracy, with ATE
RMSE values of 2.22 cm (SO) and 2.84 cm (S1), demonstrat-
ing robustness under severe occlusions. FAST-LIO exhibited
stable performance, though with slightly higher error. In con-
trast, KISS-SLAM and LIO-SAM were more affected by dy-
namic clutter, resulting in larger errors and reduced consistency.
These findings highlight DDLO’s effectiveness in handling dy-
namic indoor environments. Its performance advantage likely
stems from the integration of dynamic point filtering, which
mitigates the impact of moving agents and temporary structures
during map updates and localization.

6.2 Performance in Semi Occluded Scenario

The semi occluded sequences (S2-S4) introduced moderate
scene changes, including displaced poster walls and human
activity such as walking, lingering, or interacting with visual
elements. While the core structure remained partially visible,
partial occlusions and environmental clutter introduced chal-
lenges to reliable pose estimation. In this setting, FAST-LIO
outperformed other methods across all three sequences, achiev-
ing the lowest ATE RMSE (1.6 cm in S3), along with the most
stable RPE and acceleration profiles. The method’s tightly

Cam2

Cam3

Figure 4. Examples of pedestrian detection from the four fixed cameras under varying viewpoints and occlusion conditions.
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Sequence Method ATE RMSE [cm] ATE <5cm [%] ATE <10 cm [%] RPE mean [cm] Acc RMS [m/s?]
DDLO 2222 99.181 100 1.959 0.301
S0 - extreme occluded FAST-LIO 3.202 89.401 100 2.448 0.303
KISS-SLAM 5.162 63.203 99.144 4.449 0.887
LIO-SAM 5.229 68.936 93.279 2278 0.360
DDLO 2.84 95.652 100 2.611 0.344
S1 - extreme occluded FAST-LIO 3.34 91.255 100 2.76 0.349
KISS-SLAM 5.146 61.447 99.901 4.01 0.909
LIO-SAM 4.168 78.702 99.847 2.704 0.382
DDLO 2.198 100 100 2.556 0.325
3 - semi occluded  FAST-LIO 2.076 100 100 2223 0.270
KISS-SLAM 2.564 97.619 100 2.644 0.822
LIO-SAM 2.859 95.635 100 2.551 0.331
DDLO 1.73 100 100 1.6 0.256
$3 - semi occluded  FAST-LIO 1.596 100 100 1.421 0.198
KISS-SLAM 3.509 77.485 100 3.354 0.594
LIO-SAM 2.033 100 100 1.677 0.252
DDLO 2.076 99.481 100 1.989 0.319
S4 - semi occluded  FAST-LIO 1.752 100 100 1.720 0.224
KISS-SLAM 1.777 100 100 2.075 0.665
LIO-SAM 2.642 98.875 100 1.967 0.299
DDLO 2.026 98.795 100 2.111 0.306
FAST-LIO 1.696 100 100 1.875 0.253
85 - free space KISS-SLAM 1.812 100 100 2.135 0.726
LIO-SAM 2.438 82.018 99.890 2216 0.305
DDLO 2.182 99.692 100 2.525 0.347
S6 - free space FAST-LIO 1.925 100 100 2.358 0.279
P KISS-SLAM 2.075 100 100 2.572 0.758
LIO-SAM 2.88 81.274 100 2.765 0.318
DDLO 2.18 99.65 100 2.399 0.354
S7 - free space FAST-LIO 1.95 100 100 2217 0.269
P KISS-SLAM 2.035 99.767 100 2.515 0.830
LIO-SAM 2914 95.804 100 2.578 0.342

Table 3. Benchmarking results for all sequences. Best value in each column per sequence is in bold.

coupled LiDAR-IMU integration enabled robust performance
despite moderate disturbances. DDLO also maintained strong
performance, with ATE values below 2.1 cm across all se-
quences, although it showed slightly less stability in RPE and
motion consistency. KISS-SLAM and LIO-SAM continued to
show weaker performance, likely due to limited dynamic hand-
ling and reduced sensor fusion capabilities. These results sug-
gest that in semi occluded environments, robust IMU integra-
tion and motion compensation, as employed by FAST-LIO, are
more effective than dynamic filtering alone.

6.3 Performance in Free Space Scenario

The Free Space sequences (S5-S7) represent ideal conditions
with minimal occlusions and a static environment. Under these
circumstances, all SLAM methods achieved acceptable per-
formance. FAST-LIO delivered the highest accuracy, with ATE
RMSE values consistently below 1.9 cm and the lowest RPE
across sequences. DDLO also produced reliable results, though
with slightly higher error values. KISS-SLAM and LIO-SAM
performed adequately, with minor inconsistencies appearing in
sequences containing occasional human presence.

These results confirm that in structured and stable environ-
ments, sensor fusion-based methods such as FAST-LIO provide
the most accurate and consistent localization. However, in
highly dynamic scenarios, characterized by severe occlusions

and significant scene changes, methods that incorporate dy-
namic point removal, such as DDLO, demonstrate clear ad-
vantages. This contrast highlights the increasing importance of
dynamic-aware processing as environmental complexity grows,
and underscores the need for SLAM systems to adapt to varying
degrees of scene dynamics in real-world indoor applications.

7. Conclusion

This study introduced a novel dataset for benchmarking long-
term indoor localization under controlled dynamic conditions.
Experimental results across varying scenarios demonstrate how
different types and degrees of scene dynamics; such as occlu-
sions, structural changes, and pedestrian activity, directly im-
pact the performance of SLAM systems. These findings em-
phasize the need for adaptive localization strategies capable of
handling real-world environmental variability. By capturing
multiple sequences in a single environment with systematically
varied levels of occlusion and scene modification, we isolate the
effect of environmental changes on localization performance.
The combination of static TLS-based mapping, high-precision
prism tracking, and synchronized multi-sensor data provides
a robust foundation for evaluating SLAM approaches in both
short-term and long-term scenarios. Beyond localization, the
dataset supports broader research directions. The overhead
camera views capture natural human behaviors; such as walk-
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ing, standing, and interacting near posters, providing a valuable
resource for pedestrian behavior modeling and human-robot in-
teraction studies. By integrating ego-centric LiDAR data with
third-person visual information, this dataset offers a rich found-
ation for advancing robust, long-term autonomy in dynamic and
populated indoor environments.
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