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Abstract

Occupancy map merging in dynamic environments is challenging because moving objects
introduce time-varying disturbances that degrade registration accuracy and structural
consistency. This paper proposes a reliability-aware map-merging method that explicitly
models temporal validity and probabilistic reliability in occupancy grid maps. The method
constructs two complementary maps: a trajectory-guided temporal reliability map that
reflects the recency and persistence of cell observations and a probabilistic reliability map
that refines detected candidate regions based on temporal persistence and spatial reliability
criteria. By suppressing transient clutter before registration, the proposed approach focuses
alignment on structurally stable regions and improves merging robustness. Experiments in
simulation and real-world indoor environments demonstrate clear improvements over a
conventional feature-based baseline, substantially reducing both translation and rotation
errors. These results show that incorporating temporal validity and probabilistic reliability
can improve occupancy map merging under dynamic conditions.

Keywords: map merging; map matching; SLAM; multi-robot SLAM; multi-agent robot
system; occupancy grid map; temporal reliability; probabilistic reliability; hierarchical
approach; dynamic environments

1. Introduction

Map merging is a fundamental capability in multi-robot systems because it enables
robots operating in the same environment to integrate local maps into a unified global
representation. Through this process, robots can share spatial information, reduce local-
ization uncertainty, and improve their overall understanding of the environment. Such
capability is increasingly important in many automation applications, including logistics,
manufacturing, surveillance, and service robotics, where multiple robots are required to
operate cooperatively in large-scale or partially overlapping spaces [1-5].

A wide range of map-merging methods has been studied over recent decades. Early
work mainly focused on aligning occupancy grid maps by searching for overlapping
regions and estimating relative transformations between maps [1,6,7]. Subsequent stud-
ies improved robustness by introducing feature-based registration, resolution-adaptive
matching, and more reliable initialization strategies. For example, Ma et al. [8] proposed a
trimmed and scaling iterative closest point (TsICP) method for maps with different reso-
lutions, while Topal et al. [9] and Jiang et al. [10] developed feature-based approaches for
robust map matching under uncertain overlap conditions. Other studies further addressed
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limited overlap and poor initialization using directional observations, Radon-transform-
based descriptors, or spectral features [11,12]. More broadly, survey and system-level
studies have discussed map merging in heterogeneous multi-robot settings and empha-
sized the need for robust matching across different sensing conditions [2,3,13-15]. Despite
these advances, most existing methods are still developed under an implicit quasi-static
assumption. In practice, however, indoor and service environments often contain moving
objects such as people, carts, or temporary obstacles. These dynamic entities are frequently
recorded in occupancy grid maps as if they were static structures, even though their po-
sitions change over time. As a result, the maps may contain outdated traces that do not
represent the persistent geometry of the environment. When such maps are later aligned
and merged, these transient observations can distort feature extraction, degrade geometric
consistency, and ultimately destabilize the estimated transformation.

Figure 1 illustrates this problem. Dynamic objects observed at one time instant may
later move away while their occupancy traces remain in the map. This issue becomes
more severe when maps generated at different times are merged because time-varying
discrepancies accumulate and amplify alignment errors. Therefore, observations in occu-
pancy maps should not be treated as equally reliable over time. Instead, their temporal
validity and spatial consistency should be explicitly considered during map refinement
and merging. Recent studies on dynamic environments have addressed related issues
from different perspectives. Chen et al. [16] considered continuous occupancy mapping in
changing environments, while Malakouti-Khah et al. [17] studied multi-robot simultaneous
localization and mapping (SLAM) in dynamic settings with unknown correspondences.
Ni et al. [18] improved visual SLAM by filtering unreliable dynamic map points, and
Stathoulopoulos et al. [19] proposed a scalable map-merging framework based on place
recognition and global pose optimization. Related advances have also been reported in
robotic localization and environmental mapping. Kolla and Vundavilli [20] developed a
cartographer-based SLAM approach using multi-sensor fusion for indoor trajectory es-
timation. Pimentel de Figueiredo et al. [21] presented a LiDAR-inertial-camera system
for three-dimensional semantic-geometric mapping in industrial environments, while
Salunkhe et al. [22] developed a SLAM-based framework for autonomous indoor CO,
mapping and environmental monitoring. Collectively, these studies demonstrate continued
progress in dynamic mapping, sensor-fusion SLAM, semantic mapping, and environmental
mapping. However, comparatively little attention has been given to the explicit refinement
of completed two-dimensional occupancy maps for the map-merging stage itself through
the joint consideration of temporal decay and probabilistic reliability. To address this limita-
tion, this paper proposes a reliability-aware occupancy map-merging method for dynamic
environments. The key idea is to suppress transient and unreliable observations before
map registration so that alignment is governed mainly by temporally stable structures.
To this end, we construct two complementary reliability representations: a trajectory-guided
temporal reliability map that reflects the recency of cell observations and a probabilistic
reliability map that refines detected candidate regions based on temporal persistence and
spatial reliability criteria. These complementary reliability cues are integrated to attenuate
or remove unreliable dynamic artifacts prior to map alignment and fusion.

The main contributions of this work are summarized as follows:

*  We propose a reliability-aware occupancy-grid map-merging framework based on
two complementary information streams in which transient obstacles are suppressed
before registration.

¢ We formulate a trajectory-guided temporal reliability map using a time-decay model
so that stale occupancy evidence is progressively down-weighted when it is not
re-observed.
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¢  We develop a reliability-refinement procedure that integrates temporal persistence
with spatial-preservation and boundary-context criteria to reduce the influence of
dynamic artifacts during alignment.

*  We validate the proposed method through both simulation and real-world experi-
ments, demonstrating improved merging performance over a conventional feature-
based baseline.

—: Changes in people’s positions over time |_ 1 : Current Positions
& - i ) . 000 T L
R : Recorded in Map - i :Robot S S ee !
& N — 5 !
1 I
Sea, L 1

Figure 1. Problem illustration of dynamic objects during the mapping process. Traditional approaches
directly record moving entities such as people in the map. However, their positions often change over
time, leaving outdated traces that reduce map-merging reliability. This observation motivates the
use of temporal reliability estimation and probabilistic filtering to mitigate the influence of outdated
dynamic information.

The remainder of this paper is organized as follows. Section 2 presents the proposed
method, including notation, problem formulation, temporal reliability modeling, probabilis-
tic reliability filtering, and map alignment. Section 3 reports the simulation and real-world
experimental results. Section 4 discusses the main findings and limitations of the proposed
approach. Finally, Section 5 concludes the paper and outlines future research directions.

2. Methods
2.1. Notation and Terminology

Table 1 summarizes the main symbols used throughout this paper. The notation
is grouped by workspace, map representations, robot trajectories, rigid transformations,
dynamic-object variables, temporal decay, and removal logic. Scalars are denoted in italic,
vectors and matrices in boldface, sets in calligraphic style, and operators in upright roman
font. Unless otherwise stated, occupancy values lie in the range of [0,1], and rotation
angles are expressed in degrees. The terminology used in this paper is outlined as fol-
lows. The spatial map (Mg) denotes a two-dimensional LiDAR (Light Detection and
Ranging)-based occupancy grid generated by simultaneous localization and mapping
(SLAM). The time-decay map (Mr) adjusts cell occupancies according to their recency
so that older observations gradually relax toward the unknown state. The probabilistic
reliability map (Mp) is the final refined map obtained after suppressing unreliable dynamic
regions. A dynamic object cluster (D;-) denotes a fused region obtained from convolutional
neural network (CNN)-based detections and Density-Based Spatial Clustering of Applica-
tions with Noise (DBSCAN). Its occupied persistence score (s;'-) represents the confidence
that the detected occupied evidence remains valid in the environment. Dynamic regions
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are then handled using either hard removal or Gaussian-based soft attenuation. Finally,

the alignment transform (7;_,;) denotes the rigid transformation used to register M% to

M% Other acronyms used in this paper include OGM (Occupancy Grid Map), SURF
(Speeded-Up Robust Features), and IMU (Inertial Measurement Unit).

Table 1. Notation used throughout the paper.

Symbol

Meaning

Indices, sets, and workspace
QcCR?

2D workspace (index set of grid cells).

le{l,...,N} Grid-cell index.

F,Oo,u Free, occupied, and unknown cell sets, respectively.
Maps and fields

Mg Spatial (SLAM) occupancy map of robot i.

mj € [0,1] Occupancy value of cell I on Mg. '

r; €0,1] Cell reliability (static confidence) on M.

Mz Time-decayed occupancy map of robot i.

My Probabilistic reliability map of robot i (refined/filtered).

Robot trajectory and time
Pl = {(pe. t) 1L,
ti(x,y)

tfinal

Ati(x,y)

Discrete positions and timestamps along robot i’s trajectory.
Last update time of cell (x, y) by robot i.

Final observation time at server.

Temporal age: tgna — £(X, ).

Transforms and objectives
RESO(2), teR?

Tr()

(R*, t%)

77—>]'

Rotation and translation for rigid alignment.
Rigid transform acting on cell coordinates.
Optimal transform minimizing map discrepancy.
Estimated transform aligning Mk to M%

Dynamic objects and detections
[*]

CNN detection function with weights ().
Bounding boxes detected on local crop at pose k.
Globalized union of detections for robot i.

Dynamic object cluster region (post fusion).
Individual dynamic object bounding box.
Boundary cells of cluster D;

Cells in D} outside original boxes (structure check).

Temporal decay and reliability
A>0

a,p

v>0

mj;

s§ €1[0,1]

Temporal decay rate in (10).

Occupancy thresholds (0 < a < 0.5 < g < 1).
Weight for spatio-temporal association cost.
Mean time-decayed occupancy over D;

Occupied persistence score.

Removal/Blending logic
i

1
%
Ou, 6o, Gb
ke, 0c
Ri

free

blend
Free(-), Blend(+)

Unknown-cell ratio in D;

Mean occupancy of oext (structure-preservation check).
Thresholds for unknown, occupied, and boundary tests.
Cluster-level Gaussian kernel size/standard deviation.
Fully removed regions (set to free).

Blended (attenuated) regions.

Removal operators (hard and soft).

2.2. Background

We consider the problem of aligning two spatial maps of a planar environment, de-

noted by M! and M%, where each map is represented as an occupancy grid or an equivalent
feature map. Let O C R2 denote the discretized workspace, and let! € {1,2,..., N} denote
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a grid-cell index. For each map (Mg (i = 1,2)), the value of m; € [0,1] represents the
occupancy probability of cell I. Values close to 1 indicate occupied cells, values close to
0 indicate free cells, and intermediate values indicate uncertainty. In addition, r! € [0,1]
denotes the reliability of cell [—namely, the confidence that the cell belongs to a temporally
stable part of the environment.

Because the two maps may be generated at different times or from different viewpoints,
they can be inconsistent due to dynamic or transient objects. To align M3 with M}, we
estimate a rigid transformation composed of a rotation matrix (R € SO(2)) and a translation
vector (t € R?). The goal is to find the optimal transformation (R*, t*) that best aligns the
two maps.

Conventional methods often define alignment by minimizing the discrepancy between
corresponding occupancy values:

2

7 (1)

(R*, t*) = argn%i{l Y wy ||my — m% Tae()
" leqy
where T ¢(!) denotes the transformed location of cell I and w; is a weighting factor. In the
simplest case, w; = 1 for all cells, so all overlapping cells contribute equally.

However, such a formulation is vulnerable in dynamic environments. Even if the
estimated rigid transformation is geometrically correct, mismatches caused by moving
objects can produce large residuals and degrade registration quality. A natural extension is
to use reliability-aware weights, for example,

wy = rll "’ZTR,t(Z)/ (2)

so that cells that are likely to be dynamic contribute less to the objective. Although this
improves robustness, it still operates on the original occupancy maps and therefore cannot
completely suppress dynamic artifacts when the reliability itself is estimated from noisy
observations.

To address this limitation more directly, we construct a probabilistic reliability map
that refines each spatial map before alignment. For robot 7, the refined map is defined as
M = {m%ll}, where

m%,l = rf . m; 3

Here, rf acts as a soft gate that attenuates unreliable occupancy evidence. Since M%
is used for registration rather than probabilistic inference, additional normalization is
unnecessary. As a result, cells associated with dynamic or uncertain structures are down-
weighted, while cells corresponding to stable structures are preserved.

The alignment is then performed on the refined maps:

2

gk : 1 2
(R, ) = argmin ¥ [k, — i o[ @
7 1leQ
where m% Tax() denotes the transformed value from map 2. In this way, alignment is driven

primarily by temporally persistent and spatially reliable structures, resulting in more robust
map merging under dynamic conditions.

2.3. Proposed Map-Merging Method

We propose a reliability-aware map-merging framework with the common objective of
reducing the influence of transient occupancy evidence before map registration. As shown
in Figure 2, the framework uses three map representations for each robot i: the spatial
occupancy map (M), the time-decay map (M), and the reliability-refined map Mj. Each
robot independently performs SLAM and estimates its trajectory. After the local SLAM
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process is completed, the resulting occupancy maps and trajectories are transmitted to
a central server, where temporal reliability estimation, dynamic-region refinement, map
alignment, and merging are performed offline. Starting from Mg and the corresponding
robot trajectory, dynamic-object candidates are detected and spatially fused, while the
trajectory information is used to construct M:., which represents the temporal validity
of the occupancy evidence. The temporal information in M’ is subsequently used to
evaluate the persistence of the detected candidate regions, while spatial-preservation and
boundary-context criteria determine whether and how these regions are refined. These
complementary temporal and spatial evaluations produce Mj. The resulting reliability-
refined maps are finally used as inputs to the SURF-based registration and map-composition
process. Thus, each stage provides information required by the subsequent reliability
evaluation and contributes to the common objective of performing map alignment using
more persistent and reliable environmental structures. The overall procedure consists of
four connected stages:

1.  Dynamic-object extraction and spatial fusion: detect candidate dynamic-object regions
and combine spatially related detections into fused candidate regions;

2. Temporal-reliability map generation: construct the time-decay map (M) from the
robot trajectory to represent the temporal validity of occupancy evidence;

3. Reliability-refined map generation: evaluate the detected candidate regions using
temporal persistence, spatial-preservation, and boundary-context information to
generate Mb;

4. Map alignment and merging: use the reliability-refined maps for SURF-based regis-
tration and subsequent map composition.

D Existing Method Proposed Method

i i
Dynamic Object (DD, }

Extraction

LiDAR & Graph Based My P'iObz.ll?']fSt'c Map Alignment Merged
IMU data SLAM : Reliability Map === "¢y 1 oing Map
P Generation My

i th Robot Time Reliability
Map Generation i
Mz

j : obtained through the same procedure for

Mk the Jj-th robot
Figure 2. Overview of the proposed occupancy map-merging pipeline. Each robot first performs
graph-based SLAM using LiDAR and IMU data to generate a spatial occupancy map (Mg) and an
estimated trajectory. The resulting map and trajectory are then used to (1) extract dynamic-object
regions and (2) construct a temporal reliability map. These two outputs are combined to generate a
probabilistic reliability-refined map (M%), which is finally used for map alignment and merging to
produce the integrated map.

2.3.1. Dynamic Object Extraction

Figure 3a summarizes the sequential dynamic-object detection and spatial-fusion
workflow, consisting of CNN-based candidate detection, merging of detections across map
samples, DBSCAN-based spatial clustering, and convex-hull polygonization. Dynamic-
object candidates are extracted using a YOLOv8x detector implemented with the Ultralytics
framework [23]. The model is initialized with pretrained weights and fine-tuned on 551
manually annotated occupancy-grid images using a 9:1 training—validation split. A single
class, “human on occupancy grid,” is used to identify human-induced occupancy traces.
Each occupancy map is converted into a three-channel image, and the confidence and NMS
IoU thresholds are set to 0.60 and 0.50, respectively. The same thresholds are used for
both full-map and tiled inference. The detector only proposes candidate dynamic regions,
which are subsequently evaluated using temporal reliability and spatial-consistency criteria.
False-positive candidates may be rejected or preserved without modification during this
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validation process, while the effect of false negatives can be partially mitigated through
spatial grouping and polygon fusion of neighboring detections. Directly feeding the full
map to the detector typically requires resizing to a fixed input resolution, which may
distort geometric details and degrade detection performance. Moreover, dynamic traces on
occupancy grids are often irregular or fragmented. To mitigate these issues, we adopt a
two-step pipeline consisting of object detection and object fusion. In the detection stage,
we sample M poses along the trajectory of robot i, denoted by P' = {(pi, )} |, where
p. € R? s the robot position at time #;. At each sampled pose, we crop a local map patch
(Z. € RH*W) at the original map resolution. Zero padding is applied near the boundaries,
intensities are normalized to [0, 1], and unknown cells are set to 0.5. The detection function
(Fp) then produces a set of bounding boxes:

By = Fo(Z)- ®)
repeat for each sample k Output: Fused Candidate
Polygon(s)
-» Ji € RIW (Pl te) K
k’ “k {D-l} cl
1j=1

1. CNN Detection Fyg (7%) )

S. Polygonization

r
1
1
1
1
1
1
1
1
H i
H ¥ B using Convex Hull
1
1 : )
| 2. Merging Vertices of boxes| Cj
M
i : o
! Bélobal = U T (B,‘() 4. Extract vertices of
! k=1 boxes in clusters
1
1 .
I 5
1 B
e All samples global 3. Clustering using
? AN
No processed? Yes DBSC
Object Detection Object Fusion

Human-induced
traces

Detection box

Fused candidate
polygon

8 Occupied ® Unknown O Free 0O Detectionbox — Fused candidate polygon

(b)
Figure 3. Overview of dynamic-object extraction and spatial fusion. (a) Sequential workflow consist-
ing of CNN-based candidate detection, merging of detections across map samples, DBSCAN-based
spatial clustering, and convex-hull polygonization. (b) Example of the resulting candidate extraction
and fusion, where human-induced occupancy traces are enclosed by individual detection boxes (blue)
and spatially related detections are combined into fused candidate polygons (green) for subsequent
temporal and spatial reliability evaluation.
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Each local detection is transformed into the global map frame using the corresponding
origin transform (7,') and accumulated as

M
Bowa = U TH(B) = {9} 1,55 ©)
k=1

This aggregation preserves all candidate detections, including overlapping ones, so
that temporal evidence from different viewpoints is retained.

Next, we fuse the detections into spatially coherent dynamic regions. When multiple
dynamic objects move close to one another, per-frame CNN detections can be incomplete
or fragmented because of occlusion and motion blur, as shown in Figure 3b. To obtain
robust object regions, we cluster the bounding-box centroids using DBSCAN [24]. For each
cluster (C;), we construct a compact polygonal region from the vertices of the constituent
bounding boxes using convex-hull-based polygonization [25]:

D; = ConvHull| [ J Verts(b) |. (7)
beC!

Thus, the fused set of dynamic-object regions is written as
{Di,Ds,..., D%d } = DynamicObjectFusion(Bélobal) . (8)

The resulting fused candidate regions are not directly removed from the occupancy
map; instead, they define the spatial regions whose temporal persistence and spatial
reliability are evaluated in the subsequent refinement stages.

2.3.2. Temporal-Reliability Map Generation

The time-decay map (M) forms the temporal information stream of the proposed
framework and is subsequently combined with the spatial candidate regions extracted from
M’S during reliability refinement. Figure 4 illustrates the overall process of trajectory-guided
temporal-reliability map generation. The spatial occupancy-grid map (M) and the selected
region of interest are shown in Figure 4a, while Figure 4b represents the temporal ordering
of the final robot trajectory from older to newer observations. The resulting cell-update
times are visualized in Figure 4c, where the color progression represents the estimated
temporal order of the occupancy evidence. Free cells satisfy M5(x,y) € [0, ), occupied
cells satisfy M%(x,y) € (B, 1], and the remaining cells are treated as unknown. Here, « and
B denote predefined occupancy thresholds satisfying 0 < a < 0.5 < g < 1.

To model temporal reliability, the temporal-decay function is designed to satisfy
the following behavior. Recently observed cells should retain their current occupancy
evidence, whereas the confidence of stale observations should decrease monotonically with
observation age. Moreover, stale free or occupied evidence should gradually approach the
neutral unknown-state value of 1y = 0.5 rather than being converted into the opposite
occupancy state. These requirements motivate an exponential relaxation model toward
up. Let t;(x,y) denote the last update time of cell (x,y) by robot i, and let tg,, be the
final observation time. The temporal age of the cell is

Ati(x,y) = thina — ti(x,y). 9)

Accordingly, the time-decayed occupancy map is defined as

M (x,y) = o + (M5 (x,y) — o) exp(—A Ai(x,y)), (10)
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where A > 0 is the decay rate and ug = 0.5 is the unknown-state baseline. This formula-
tion preserves unknown cells and gradually relaxes free and occupied estimates toward
uncertainty as they become older.

]
!

{
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L WP

mr’ﬂw ___Jr

), ). e b
[
=TT 0

Start knd
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]
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(e K = { i | | d I g
|] : AN B I
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Trajectory nodes (timestamps) @ Older @ Newer 0.0 0.5 (Unknoon ,) 1.0 (Occupied)
N @00 0000000 0 | . W
R _ Estimated update time —
Time Time-decayed occupancy value
(a) (b) (c) (d)

Figure 4. Trajectory-guided temporal-reliability map generation. (a) Occupancy-grid map with the
region of interest highlighted. (b) Final robot trajectory with temporal order indicated from older
observations (blue) to newer observations (red). (c) Estimated update times of cells in the highlighted
region obtained through trajectory-based spatiotemporal association, where the color progression
from blue to red represents older to more recent estimated cell-update times. (d) Resulting time-decay
map in which temporally older occupancy evidence is relaxed toward the unknown-state value,
whereas more recent evidence retains a stronger occupancy value.

In offline SLAM settings, the update time of each cell is estimated using the completed
occupancy map and the corresponding final SLAM trajectory represented in the same coor-
dinate frame. To reduce ambiguity when the robot revisits the same location, the associated
trajectory node is selected using the following spatiotemporal cost:

Ce(xy) = [ (x,y) — prll + ¥ (teinal — i), (11)

where the first term measures spatial proximity and thereby maintains local geometric
relevance, whereas the second term favors more recent observations. The 7 coefficient
controls the contribution of temporal recency relative to spatial proximity; increasing
v gives greater preference to recent trajectory nodes, whereas decreasing it makes the
association closer to a purely spatial rule. The most relevant trajectory-node index and the
corresponding estimated cell-update time are given by

k* = argmkin Cre(x,y), ti(x,y) = tge. (12)

The estimated cell-update time is subsequently used to compute the temporal age
(Ati(x,y)) for the time-decay model in Equation (10). Applying these temporal ages to
Equation (10) yields the final time-decay map (M’.) shown in Figure 4d. In this map, tempo-
rally older occupancy evidence is relaxed toward the unknown-state value, whereas more
recent evidence retains a stronger occupancy value. The resulting temporal information is
subsequently used to evaluate the persistence of the detected candidate regions.

2.3.3. Probabilistic-Reliability Map Generation

This stage integrates the two complementary information streams generated in the
preceding stages: the fused candidate regions extracted from M} and the temporal persis-
tence information derived from M. Spatial-preservation and boundary-context criteria
then determine whether and how the candidate regions are refined to produce My. When
cluster-level suppression is skipped by the preservation checks, relevant individual detec-
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tion boxes within the preserved regions may still undergo subsequent localized evaluation.
Using the time-decay map (M), we estimate the reliability of each detected dynamic-
object region with respect to the final observation time (tg,,]) and suppress regions that
are unlikely to correspond to persistent structures. For each dynamic-object region (D]l:),
the average time-decayed occupancy is defined as

_ 1 i
m]Tl = W Z M (x,y), (13)
j (x,y)GDj’:

where \D;| denotes the number of cells contained in D]l The quantity rfzJTl represents the
mean time-decayed occupancy evidence within the detected candidate region. Because
0.5 denotes the neutral unknown state, a value of m]T’l close to 0.5 indicates that the pre-
viously observed occupancy evidence has become temporally ambiguous. In contrast,
a value farther from 0.5 indicates that the evidence remains more clearly distinguishable
from the unknown state. We therefore use the normalized absolute deviation from 0.5 to
quantify the temporal persistence of the region, defining the occupied persistence score as

st = 2|l — 05| (14)

This formulation yields s;: = 1 when r?z]-T,i is close to 1 or 0 and s: = 0 when ﬁz]Tl =0.5.
In other words, the occupied persistence score increases as the confidence moves away from
the unknown-state baseline and decreases as the region becomes temporally ambiguous.
The occupied persistence score is then used to determine whether a detected dynamic
region should be retained, attenuated, or removed. Regions with high occupied persistence
scores are regarded as reliable, whereas regions with low occupied persistence scores are
treated as transient or outdated. This strategy is motivated by the observation that recently
re-observed and spatially coherent objects are more likely to persist, while older or weakly
supported traces are more likely to be spurious.

A practical advantage of operating on clustered dynamic-object regions rather than
individual detections is that residual traces missed by the detector can be evaluated together
within a fused candidate region. However, such regions may also include unknown cells or
nearby static structures such as walls. Therefore, before applying cluster-level suppression,
each candidate region is evaluated using a hierarchical set of spatial-preservation and
refinement criteria. First, the unknown-cell ratio within each region is computed as

; 1

;= 5] Yo Y Mi(xy) eU}. (15)

]| (x,y)eD;ﬁ

If p;- > 6y, where 6, € [0,1] is a predefined threshold, cluster-level suppression is
skipped because the available occupancy information is considered insufficient to safely
modify the entire fused region. This does not classify the region as static or terminate the
refinement process; relevant individual detection boxes within the preserved region may
still undergo subsequent localized evaluation. Second, we examine the occupancy of cells
that lie outside the original bounding boxes but remain inside the fused candidate region.
Let 0ext C D; denote this set of external cells. Their mean occupancy is defined as

1

N |0ext| (

i
0j

Y, Mi(xy). (16)

X,Y) €0ext
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If o;. > 6,, where 6, € [0,1] is an occupancy threshold, cluster-level suppression
is also skipped because the external occupancy may indicate the inclusion of persistent
static structures.

For candidates that pass these preservation checks, the local boundary context deter-
mines the refinement mode.

* Boundary isolation test (hard removal). Let aD; denote the boundary cells of region

D; The mean boundary occupancy is computed as

1 i
Mopi = = 2, Ms(xy). (17)
! ‘aD]| (x,y)eaD;

If ‘uaD; < 0y, where 6, € [0,1] is a predefined boundary threshold, the candidate is

regarded as sufficiently isolated from surrounding occupied structures. In this case,
all cells in D;: are set to occupancy 0, corresponding to hard removal.

*  Gaussian blending (soft removal). If i, > 6, the candidate may be adjacent to
]

persistent occupied structures, and abrupt cluster-level removal may unnecessarily
modify nearby map geometry. Therefore, localized Gaussian blending is applied to
attenuate the candidate region more conservatively. The support of the Gaussian
kernel is determined by

ny,

b = NG ke=2[4:]+1, oc =1t (18)
where n;, is the number of constituent bounding boxes, A is the map resolution
in m/cell, £ is a spatial prior in meters, and 1 € (0,1] controls the spread of the
Gaussian kernel. In our experiments, A = 0.025 m/cell, £ = 0.01 m, and # = 0.50.
The blending operation gradually attenuates occupancy values within the candidate
region, reducing abrupt modification near occupied structures.

Accordingly, Gaussian blending should be regarded as a conservative attenuation
mechanism within the overall hierarchical refinement process rather than as an independent
guarantee of static-structure preservation.

Figure 5 illustrates the two context-dependent refinement modes applied after the
preceding preservation checks. In Figure 5a, a spatially isolated fused candidate region
with low boundary occupancy is processed through hard removal. In Figure 5b, a candi-
date region adjacent to occupied static structures is refined more conservatively through
Gaussian blending. Thus, the local boundary context determines whether the candidate
region is removed directly or attenuated gradually.

The cluster-level decision rule is summarized as follows:

None, if p§ > 6, or 0;'- > 06,,
Removal(D;:) = Free(D;:), else if Hop; < 6y, (19)

Blend(D;:), otherwise.

Once cluster-level processing is completed, we further refine the map at the level of
i

global*
level decision by removing residual dynamic traces that may remain even when a cluster is

individual bounding boxes using B This additional step complements the cluster-
retained as a whole. It also handles isolated detections that are not assigned to any cluster,
as well as local detections inside preserved clusters that still require separate judgment.
The same hard-removal or Gaussian-blending logic is applied but with box-specific criteria
and a more localized support.
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After all removal and blending operations are completed, we define two subsets of the
workspace (Q): the fully removed region (R ce C ) and the blended region (R{)lend c Q).
For cells in Rfal end- the occupancy is attenuated according to the corresponding Gaussian
blending mask. The final probabilistic reliability map is then defined as

F, if (x,y) € R

free’

Mk(x,y) = { Blend'(x,y), elseif (x,y) € R4 (20)
M’S (x,y), otherwise.

As aresult, M}{ preserves stable environmental structures while suppressing dynamic
artifacts before map alignment.

Processing After
(Hard removal)

O

(a)
Processing After
(Gaussian blending)

Before

Before

(b)
Figure 5. Examples of the two context-dependent refinement modes applied after the preceding
preservation checks. (a) Hard removal is applied when the fused candidate region is sufficiently
isolated from surrounding occupied structures, i.e., when the boundary mean occupancy satisfies
Hapi < 6. In this case, transient occupancy traces inside the fused candidate polygon are removed.
(b) Gaussian blending (soft removal) is applied when the fused candidate region is adjacent to
occupied static structures, i.e., when “l/laD;: > 6. In this case, occupancy values within the candidate

region are gradually attenuated to suppress transient traces while reducing abrupt modification near
persistent map structures. The green contours indicate the fused candidate polygons.

2.3.4. Map Alignment and Merging

The reliability-refined maps (M%) generated in the preceding stage are used as in-
puts to the subsequent SURF-based registration and map-composition process, thereby
completing the processing flow from the original local occupancy maps to the merged
global map. After generating the probabilistic reliability maps for each robot, we perform
map alignment and merging to construct a unified global map. The goal is to estimate the
relative spatial transformation between robots and to fuse their occupancy information in a
consistent and robust manner. To estimate the spatial transformation between maps, we
adopt a conventional feature-based occupancy map-merging pipeline [13] and implement
its keypoint-based registration step using the SURF algorithm [26]. Given two reliability-
refined maps (Mfz and M%), SUREF descriptors are extracted from both maps, and tentative
correspondences are established by nearest-neighbor matching in the descriptor space.
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Spurious correspondences are then removed through geometric consistency checks, such
as the ratio test and random sample consensus (RANSAC)-based outlier rejection, resulting
in a set of inlier matches. Using these inlier correspondences, we estimate the rigid-body
transformation composed of rotation and translation that aligns M¥ to Mp. Let 77, j denote
the resulting transformation. Applying 7; ,; to My maps it into the coordinate frame of
M% Because the registration is performed on reliability-refined maps, dynamic artifacts
have already been attenuated or removed, and the estimated transformation is primarily
determined by temporally stable structures. Once the relative transformation is obtained,
the maps are merged in the reference frame of one robot or, equivalently, in a common
global frame by fusing overlapping occupancy values. In this work, we employ a simple
yet effective fusion rule based on probabilistic averaging:

Y wie(x,y) MK (x,y)
Y wi(x,y)

M(x,y) = , (21)
where M denotes the merged map, MY is the reliability-refined map of robot k transformed
into the common frame, and wy(x, y) is a weight reflecting the local reliability of cell (x,y)
in M%, for example, derived from the reliability field or visit frequency. Non-overlapping
regions are directly copied from the corresponding local map. This fusion process produces
a globally consistent map in which the influence of dynamic objects is substantially reduced.

3. Results

All simulation and real-world experiments were conducted using 2D LiDAR-based
occupancy-grid maps generated by an offline SLAM pipeline [27]. The grid resolution was
fixed at A = 0.025 m/cell. The parameters were empirically selected through preliminary
simulations, then kept unchanged across all evaluated scenarios. They were set to v = 0.03,
A=1/30s"1 a = 045, B = 055,60, =050, 6, = 0.50, and 8, = 0.55, with Gaussian
blending parameters of / = 0.01 m and # = 0.50. The decay rate of A = 1/30 s~!
corresponds to a characteristic time of T = 30 s. In the temporal association, o controls
the relative contribution of temporal recency, while A determines the rate at which stale
occupancy evidence relaxes toward the unknown-state value. The « and B thresholds
define a symmetric uncertainty interval around 0.5. The 8, and §, thresholds act as cluster-
level preservation gates for candidate regions with insufficient spatial evidence or possible
static structures, whereas 0}, determines whether the remaining candidates are processed
through hard removal or Gaussian blending. The ¢ and # parameters determine the
support and spread of the Gaussian blending operation, respectively. The same parameter
configuration was used throughout all experiments, without scenario-specific tuning. To
directly evaluate the effect of the proposed refinement, the conventional and proposed
pipelines used the same SURF-based registration backend, including feature extraction,
descriptor matching, RANSAC-based outlier rejection and transformation estimation,
and map composition. The conventional pipeline used the original occupancy maps,
whereas the proposed pipeline used the reliability-refined maps. Thus, the comparison
isolates the contribution of the proposed reliability-refinement stage while keeping the
registration backend unchanged.

Each scenario involved two robots, denoted by R; and R;, together with moving
humans treated as dynamic objects. The spatial maps generated by R; and R; are denoted
by MéRl) and MéRZ), respectively. For quantitative evaluation, the reference alignment
used for error computation is denoted by Ref. This reference transform was obtained by
manually aligning the maps based on static structural landmarks, thereby providing a
consistent reference transformation for error analysis. To evaluate the map-merging stage
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in isolation, inter-robot communication was disabled during mapping, and no information
was exchanged between the robots. All local maps were merged offline on the server after
data collection.

3.1. Simulation Scenarios

We evaluate the proposed method in six simulation scenarios constructed from one in-
house environment and two widely used SLAM datasets: the KIT Digital Building, Freiburg
Building 079, and four layouts derived from the Intel Research Lab map, as shown in
Figure 6.

Intel 3 Intel 4
(c) Intel Research Lab (four sub-scenarios)

Figure 6. Overview of the simulation scenarios and dynamic-observation configurations. (a) KIT
Digital Building scenario. (b) Freiburg Building 079 scenario. (c¢) Four sub-scenarios (Intel 1-4)
constructed from the same Intel Research Lab occupancy map. The Intel sub-scenarios differ in
robot coverage regions, trajectories, human-motion paths, observation times, and partial-overlap
configurations, thereby creating different spatial relationships between persistent structural features
and transient human-induced occupancy traces. Green and red circles indicate the positions of robots
R; and Ry, respectively, while yellow circles indicate human positions over time. Robot trajectories
are shown as dotted lines, with older positions in blue and newer positions in red. The numbers 1, 2,
and 3 inside the circles correspond to the representative timestamps t1, tp, and t3, respectively; the
corresponding time values for each scenario are listed in Table 2. The coverage regions of Ry and
Ry are shown in green and red, respectively, and the reference region (Ref) is indicated by a black
dotted rectangle.

Figure 6a shows the simulation scenario based on the KIT Digital Building at the
Kumoh National Institute of Technology. This environment contains a substantial overlap
between the maps generated by R; and Rp. Robot R; starts in the central laboratory and
moves downward along the east corridor, whereas Ry moves from left to right along the
north corridor. The human moves from the starting point of R; to the endpoint of Rj;.
As a result, strong dynamic interference is introduced into the overlapping region, making
conventional feature-based registration highly sensitive to transient footprints. Figure 6b
shows the scenario based on Freiburg Building 079. In this case, the human trajectory lies
between the paths of Ry and R; rather than near either robot trajectory. Robot Ry moves
from the west side of the building toward the center, while R, moves from the center
toward the east side. The human travels from the midpoint of the trajectory of R; to the
midpoint of the trajectory of Rj, thereby generating dynamic clutter in the shared spatial
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region. The Intel Research Lab scenarios shown in Figure 6¢ consist of four sub-cases with
different corridor geometries, robot trajectories, and human-motion patterns. In Intel 1, R4
moves from right to left along the north corridor, while R, moves upward along the east
corridor, and the human moves from the start point of R; to the endpoint of R,. In Intel 2,
R; moves upward along the west corridor, while R; moves from left to right along the
north corridor, with the human again moving from the start of R; to the end of R;. In Intel 3,
R; moves upward along the west hallway, whereas R, moves from the upper part of the
east hallway toward the left side of the south hallway, and the human moves from the start
of Ry to the end of R;. In Intel 4, R; moves from right to left along the south corridor, while
R, moves downward in the east corridor, and the human moves from the start point of R,
to the goal point of R;.

Table 2 summarizes the three representative timestamps (t1—t3) used to visualize
the temporal evolution of the trajectories of Ry, Ry, and the moving humans in each
simulation scenario.

Table 2. Simulation timestamps (s). For each dataset, three representative instants (t;—t3) are listed

u_

for Ry, Ry, and the moving humans. indicates that the corresponding agent is not present or not

moving at that time.

R, R, People
Dataset t1 %) t3 t1 tr t3 t1 tr t3
KIT 0 40 80 20 40 60 20 35 50
Freiburg 0 10 20 15 25 35 10 15 20
Intel 1 0 20 40 40 60 80 30 50 -
Intel 2 0 20 40 35 55 75 30 40 50
Intel 3 25 50 65 0 20 40 10 20 35
Intel 4 10 30 50 0 10 25 5 20 35

3.2. Simulation Results

Figure 7 compares the map-merging results of the proposed method with those of a
conventional baseline across the six simulation scenarios. Figure 7a shows the KIT scenario,
Figure 7b shows the Freiburg scenario, and Figure 7c presents the four Intel sub-scenarios.
The conventional method often produces noticeable misalignments because the moving
human acts as a dynamic object and introduces transient artifacts into the occupancy maps.
In the Intel cases, these effects appear as different registration failures: Intel 1 exhibits large
translational and rotational offsets; Intel 2 shows an approximately 90° orientation error;
Intel 3 produces an almost 180° flipped alignment; and Intel 4 exhibits severe translation,
together with an approximately 90° rotation error. In contrast, the proposed reliability
refinement reduces the influence of these transient artifacts and yields substantially more
consistent structural alignment. Similar improvements are also observed in the KIT and
Freiburg environments.

Table 3 reports the translation error (Ep;), which measures the discrepancy between
the translation vector estimated by each method and the reference translation vector.
The reference transform (R*,t*) is obtained independently, as described above for Ref,
and is used only for evaluation. The translation error is defined as

(22)

where t* denotes the translation component of the reference transform and t denotes the
translation estimated by the corresponding map-merging method.

Table 4 reports the rotation error (Ey), which quantifies the difference between the
rotation angle estimated by each method and the reference rotation angle (6*) associated
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with R* in (R*, t*). Since the rotation is represented as a scalar in this setting, the error is
defined as

A

Ep=[6"—0

, (23)

where 6* denotes the reference rotation angle and @ denotes the rotation angle estimated by
the corresponding method.

(a) KIT (b) Freiburg

5

Intel 1 Intel 2 Intel 3 Intel 4
(c) Intel Research Lab (four sub-scenarios)

Figure 7. Qualitative comparison of conventional and reliability-refined SURF-based map registration.
(a) KIT Digital Building scenario. (b) Freiburg Building 079 scenario. (c) Intel Research Lab sub-
scenarios (Intel 1-4). For each scenario, the upper image shows the registration result obtained from
the original occupancy maps, whereas the lower image shows the result obtained after reliability
refinement using the same SURF-based registration backend. The conventional results for the Intel
sub-scenarios exhibit distinct failure modes: Intel 1 shows large translational and rotational offsets,
Intel 2 exhibits an approximately 90° orientation error, Intel 3 produces an almost 180° flipped
alignment, and Intel 4 exhibits severe translation, together with an approximately 90° rotation error.
After reliability refinement, the influence of transient human-induced traces is reduced, allowing
persistent corridor and room-boundary structures to be aligned more consistently. Quantitative
translation and rotation errors are reported in Tables 3 and 4.

The proposed method consistently outperforms the conventional baseline across
all datasets, as shown in Tables 3 and 4. In particular, the translation error is reduced
from 1826.90 to 8.09 pixels in Intel 1 and from 3332.65 to 1.05 pixels in Intel 4. Similarly;,
the rotation error decreases from 69.11° to 0.28° in Intel 1 and from 176.97° to 0.48° in
Intel 3. The qualitative comparisons in Figure 7 further support these results: despite
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the differences in failure modes observed in Intel 14, the proposed reliability refinement
reduces the influence of transient human-induced traces and preserves substantially more
consistent alignment of persistent structural features.

Table 3. Translation errors (Eys) for the conventional and proposed methods (unit: pixels). Pixel
errors can be converted to meters using Ep[m] = Ep[px] - A, where A = 0.025 m/cell.

Dataset Conventional (Eps) Proposed (Epp)
KIT 1501.09 13.67
Freiburg 885.80 15.99
Intel 1 1826.90 8.09
Intel 2 1147.44 8.08
Intel 3 2667.47 9.24
Intel 4 3332.65 1.05

Table 4. Rotation errors (Eg) for the conventional and proposed methods in different environments
(unit: degrees).

Dataset Conventional (Eg) Proposed (Ep)
KIT 6.41 1.82
Freiburg 2.52 1.78
Intel 1 69.11 0.28
Intel 2 92.10 0.14
Intel 3 176.97 0.48
Intel 4 88.13 0.21

3.3. Experimental Settings

Figure 8 shows the hardware configuration used in the real-world experiments. Each
platform is a TurtleBot2 equipped with an RPLiDAR A3 for 2D range sensing and an
Intellithings iAHRS for inertial measurement, with the IMU mounted adjacent to the
LiDAR sensor, as shown in the figure. The two robots navigate independently without
communication or information exchange, consistent with the assumptions adopted in the
simulation studies. All data, including LiDAR scans, inertial measurements, and odometry,
are recorded onboard for subsequent offline processing and map-merging evaluation.

T L :g;llg l \ ‘.Jllrk; ;

oot [ W kaz

Figure 8. Experimental setup of the TurtleBot2 platform equipped with an RPLiDAR A3 and an
Intellithings iAHRS. Two robots are used in the experiments, with the IMU mounted beside the
LiDAR sensor.

All map-refinement and merging experiments were processed offline using an Intel
NUC 11 equipped with an Intel Core i7-1165G7 processor and 16 GB DDR4 RAM (Intel
Corporation, Santa Clara, CA, USA). The additional processing stages introduced by the pro-
posed method consist of CNN-based candidate detection, DBSCAN clustering of detected
bounding-box centroids, convex-hull polygonization, and reliability refinement within
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candidate regions. CNN inference constitutes the primary additional processing compo-
nent, while DBSCAN clustering and convex-hull construction operate only on detected
candidates and reliability refinement is restricted to the corresponding candidate regions.
The system ran Ubuntu 20.04 and ROS Noetic. Occupancy-grid processing, DB-
SCAN clustering, convex-hull polygonization, reliability refinement, and SURF-based
registration were implemented in C++ using OpenCV, whereas dynamic-region detec-
tion was implemented in Python 3.10 using the Ultralytics framework and PyTorch 2.5.
The YOLOv8x-based detector contains approximately 68.2 million trainable parameters.

3.4. Experimental Scenario 1

Figure 9 illustrates the scenario and key scenes for Experiment 1 conducted in the
Digital Building at Kumoh National Institute of Technology. In Figure 9a, R; starts at the
entrance of Room A and moves along the corridor toward Room C, whereas R, moves
from Room A to Room B. Humans initially stand near the entrances of Rooms B and C,
then move through the corridor shared by both robots, thereby introducing dynamic clutter
into the overlapping region.

Robotl . Robot2 People
Room Room
B A

[ Y

Robot 1 Path 2> Robot 2 Path

(b)

Figure 9. Experiment 1 in the KIT Digital Building. (a) Room layout and planned trajectories of Ry, Ry,
and humans: Ry moves from Room A to Room C (green line), R, moves from Room A to Room B (red
line), and humans traverse the shared corridor between Rooms B and C (yellow line). The numbers 1
and 2 inside the colored circles indicate the start and end positions, respectively, along each planned
trajectory. (b) Key scenes at representative timestamps (see Table 5), illustrating the sequential motion of
R; followed by R; under changing human positions in the overlapping field of view.

Figure 9b, together with Table 5, summarizes the key moments of Experiment 1.
Robot R; starts at t = 0 s, enters Room B at t = 3 s, and stops at t = 12 s. At the same
time, R; begins to move, passes Room B around ¢ = 13-14 s, and reaches Room C at
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t = 25 s. During this period, the humans change their standing positions in the corridor
and repeatedly enter and leave the overlapping field of view of the two robots.

Table 5. Key scenes of Experiment 1.

Timestamp Description

0s Robot 2 starts moving

3s Robot 2 enters Room B

12s Robot 2 stops moving

125 Robot 1 starts moving

13s Robot 1 passes near Room B
14s Robot 1 moves past Room B
25s Robot 1 stops moving

3.5. Experimental Scenario 2

Experiment 2 uses the same building layout as Experiment 1 but with a different
trajectory for R, and a distinct human-motion pattern, as shown in Figure 10. In Figure 10a,
Rj again moves from Room A to Room C. This time, R; starts near the left side of Room B,
traverses the corridor in front of the room, and stops near the right side of Room B.
Meanwhile, humans move from the entrance of Room C toward Room B, repeatedly
crossing the corridor segment shared by both robots.

Robotl ‘ Robot2 People
Room Room
B A
FY] ] a1l INVa

=y |

Robot 1 Path 2> Robot 2 Path

(b)

Figure 10. Experiment 2 in the KIT Digital Building. (a) Room layout and planned trajectories of Ry,
Ry, and humans: Ry moves from Room A to Room C (green line), R; traverses in front of Room B from
left to right (red line), and humans move from the entrance of Room C toward Room B, repeatedly
crossing the shared corridor (yellow line). The numbers 1 and 2 inside the colored circles indicate the
start and end positions, respectively, along each planned trajectory. (b) Key scenes at representative
timestamps (see Table 6), illustrating the motion of R; followed by R; under strong human traffic in
the overlapping region of their paths.
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Figure 10b, together with Table 6, summarizes the main timeline. Robot R; starts at
t = 0 s, passes near Room C and along Room B during t = 3-6 s, and stops at t = 12 s.
Robot R; then starts at t = 13 s, passes Room B at approximately ¢t = 15 s, reaches the
front of Room C at t = 16 s, and stops at t = 27 s. As in Experiment 1, human motion is
concentrated in the overlapping region of the two robot trajectories, thereby creating strong
dynamic interference.

Table 6. Key scenes of Experiment 2.

Timestamp Description
0s Robot 2 starts moving
3s Robot 2 passes near Room C
6s Robot 2 is near the right side of Room B
12s Robot 2 stops moving
13s Robot 1 starts moving
15s Robot 1 passes Room B
16's Robot 1 is in front of Room C
27s Robot 1 stops moving

3.6. Experimental Results

Figure 11 presents the occupancy grids and map-merging results for Experiment 1.
The upper row shows the individual occupancy grids and trajectories of R; and Ry,
whereas the lower row compares the conventional feature-based baseline with the proposed
reliability-aware method. Because of the frequency of human motion in the shared corridor,
the baseline produces a misaligned merged map: dynamic footprints in the overlapping
region generate spurious correspondences and lead to incorrect relative pose estimation.
In contrast, the proposed method exploits the probabilistic reliability maps to down-weight
regions affected by dynamic objects, resulting in a visually consistent merged map.

Exp. 1: Conventional (failure) Exp. 1: Proposed (success)

Figure 11. Experiment 1 in the KIT Digital Building. Top: individual occupancy grids with trajectories
for Ry and Rj, with the robot trajectories shown using a blue-to-red color progression, where blue
indicates earlier positions and red indicates more recent positions. Bottom: map-merging results
of the conventional method (left) and the proposed reliability-aware method (right). Frequent
human motion in the shared corridor leads to severe misalignment for the baseline, whereas the
reliability-refined alignment preserves a consistent global structure.

Figure 12 shows the occupancy grids, trajectories, and merging results for Experi-
ment 2. As in Experiment 1, the conventional method is strongly affected by moving
humans in the shared corridor and produces a severely misaligned merged map. In con-
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trast, the proposed method maintains a consistent alignment between the two local maps
despite the presence of dynamic clutter.

Exp. 2: Conventional (failure) Exp. 2: Proposed (success)

Figure 12. Experiment 2 in the KIT Digital Building under robot and human-motion patterns different
from those in Experiment 1. Top: individual occupancy grids for Ry and Ry, with the robot trajectories
shown using a blue-to-red color progression, where blue indicates earlier positions and red indicates
more recent positions. Bottom: map-merging results of the conventional method (left) and the
proposed method (right). Despite strong dynamic clutter in the overlapping area, the proposed
reliability-aware alignment maintains a coherent merged map, whereas the baseline again fails to
align the two grids correctly.

Table 7 reports a quantitative comparison between the conventional and proposed
methods in Experiments 1 and 2. In Experiment 1, the translation error (Ey;) decreases from
2.42 m to 0.06 m, and the rotation error (Ey) decreases from 0.23° to 0.15°. In Experiment 2,
Ej is reduced from 3.864 m to 0.04 m, while Eg decreases from 179.17° to 0.37°. These
consistent improvements indicate that incorporating temporal decay and probabilistic
reliability filtering substantially enhances map-merging robustness. The results further
demonstrate that the proposed method remains effective in real indoor environments
containing strong dynamic interference.

Table 7. Translation errors (Ep;) and rotation errors (Ey) for the conventional and proposed methods
(units: m for Eps and deg for Ey).

Ep [m] Ep [deg]
Scenario Conventional Proposed Conventional Proposed
Experiment 1 242 0.06 0.23 0.15
Experiment 2 3.864 0.04 179.17 0.37

4. Discussion

The results demonstrate that the proposed reliability-aware refinement improves
occupancy-map merging by reducing the influence of temporally unstable human-induced
traces before registration. The temporal reliability map provides information on the per-
sistence of detected candidate regions, while the subsequent spatial-preservation checks
determine whether and how these regions should be refined. Regions with insufficient
spatial evidence or possible static structures are conservatively preserved at the cluster
level, while relevant individual detections may still undergo localized refinement. The re-
maining cluster-level candidates are processed according to their boundary context using
hard removal or Gaussian blending. This hierarchical refinement reduces the influence of
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transient occupancy evidence while limiting abrupt modification of persistent structures
such as walls and room boundaries. Consequently, the same SURF-based registration
backend can rely more strongly on reliable map features. The consistent reductions in
translation and rotation errors across the simulation and real-world experiments, including
the Intel sub-scenarios with different trajectories, human-motion patterns, and overlap
configurations, support this interpretation. The benefit of the proposed refinement becomes
particularly evident when dynamic clutter strongly affects the overlapping region between
maps. In Experiment 2, for example, the conventional pipeline produced a translation
error of 3.864 m and a near-180° rotation error, whereas the proposed method reduced
these errors to 0.040 m and 0.37°, respectively. This result indicates that suppressing
transient occupancy patterns can reduce not only ordinary registration errors but also
severe alignment failures caused by unstable feature correspondences. Nevertheless, the ef-
fectiveness of feature-based registration still depends on the availability of sufficiently
stable and informative structural features in the overlapping region. In highly cluttered or
crowd-dominated environments where persistent structural features are limited relative to
dynamic clutter, registration performance may still degrade because insufficient reliable
correspondences remain.

The present evaluation was intentionally conducted using the same SURF-based
registration backend for both the conventional and proposed pipelines. Therefore, the com-
parison isolates the contribution of the proposed reliability refinement while keeping the
registration method unchanged. Because the refinement operates on completed occupancy
maps, it can be applied without modifying the original SLAM front end. At the same
time, final merging performance remains influenced by the capability of the registration
method. Combining the proposed refinement with more advanced registration backends
may provide additional robustness in such challenging cases.

The proposed method also has several practical considerations. The temporal asso-
ciation assumes that the completed occupancy map and the corresponding final SLAM
trajectory remain locally consistent. Although a common global pose offset does not directly
affect this association, substantial local trajectory distortion or an incorrect loop closure
may affect timestamp assignments in the corresponding regions. The quality of dynamic-
region refinement also depends on the accuracy of the CNN detector, spatial grouping,
and the selected parameter configuration. In the present study, the same fixed parameters
were used across all evaluated scenarios and produced consistent improvements; however,
systematic sensitivity analysis and validation under substantially different map resolutions,
sensing rates, and dynamic time scales remain for future study. The current implementa-
tion focuses on offline centralized refinement and pairwise merging of two-dimensional
indoor occupancy maps, with CNN inference constituting the main additional computa-
tional component. Future work will therefore investigate adaptive parameter selection,
improved temporal association using per-cell timestamps or pose-uncertainty information,
computational optimization for periodic or online operation, and extension to larger multi-
robot teams and three-dimensional environments. Comparisons with compatible SLAM
methods designed for dynamic environments and robust map-merging approaches will
also be considered, along with the integration of complementary structural or semantic
information.

5. Conclusions

This paper presented a reliability-aware method for occupancy map merging in dy-
namic indoor environments. The proposed approach estimates reliability from temporal
evidence in sequential observations and integrates two key components: (i) a time-decay
occupancy model guided by robot trajectories and (ii) a probabilistic reliability map that
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attenuates or removes dynamic, low-confidence regions before alignment. By aligning
reliability-refined maps rather than raw occupancy grids, the proposed method empha-
sizes temporally stable structures and reduces the influence of transient human footprints
and other dynamic clutter. Across six simulation scenarios—namely, Intel 14, Freiburg,
and KIT—the proposed method consistently outperformed the conventional feature-based
baseline (Tables 3 and 4, Figure 7). The translation error (Ep;) was reduced to below 20 pix-
els in all cases, which corresponds to less than 0.5 m for A = 0.025 m/cell. For example,
the translation error decreased from 1826.90 to 8.09 pixels in Intel 1 and from 3332.65
to 1.05 pixels in Intel 4. The rotation error (Eg) also showed substantial improvement,
decreasing from 69.11° to 0.28° in Intel 1 and from 176.97° to 0.48° in Intel 3. The real-world
experiments conducted in the KIT Digital Building further confirmed the effectiveness of
the proposed method (Figures 11 and 12). In Experiment 1, the translation error decreased
from 2.42 m to 0.06 m, while the rotation error decreased from 0.23° to 0.15°. In Experi-
ment 2, the translation error was reduced from 3.864 m to 0.04 m, and the rotation error
was reduced from 179.17° to 0.37° (Table 7). In particular, Experiment 2 demonstrated that
the conventional pipeline can suffer from a near-180° flip failure under strong dynamic
clutter, whereas the proposed reliability-aware filtering successfully preserved the correct
alignment. Overall, these results demonstrate that explicit modeling of temporal recency
and probabilistic reliability is an effective strategy for improving occupancy map merging
in environments containing moving people and other dynamic objects. By suppressing
temporally inconsistent occupancy evidence before registration, the proposed method
improves both alignment accuracy and robustness. In future work, we plan to extend the
proposed framework to online multi-robot map fusion with inter-robot communication
and three-dimensional LIDAR maps. We also aim to integrate reliability estimation more
tightly with pose-graph optimization and active simultaneous localization and mapping
(SLAM) behaviors in larger-scale dynamic environments.
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Abbreviations

The following abbreviations are used in this manuscript:

2D Two-Dimensional

CNN Convolutional Neural Network

DBSCAN  Density-Based Spatial Clustering of Applications with Noise
IMU Inertial Measurement Unit

KIT Kumoh National Institute of Technology

LiDAR Light Detection and Ranging

OGM Occupancy Grid Map

RANSAC Random Sample Consensus

SLAM Simultaneous Localization and Mapping

SURF Speeded-Up Robust Features
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