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Fig. 1: The top row of the figure shows traditional multi-session approaches, in which separate SLAM sessions are performed and their
maps and graphs are combined, typically offline. In contrast, the lower pipeline shows the proposed method, which allows maps to
be updated online between sessions. This visualization represents the different graphs used in the multi-session approach: the active
graph (blue) is constructed from selected key frames of the odometry graph (gray) along with their condensed measurements, as well
as vertices from the reference graph (orange) connected through inter-session correspondences. When triggered by the decision-making
module (e.g., in unmapped regions), a subset of the active graph (candidate graph, green) is integrated into the reference model. Finally,
loop closing and global pose graph optimization are performed to reconcile measurements across sessions and ensure consistency.

Abstract— Autonomous robots often operate repeatedly in
previously mapped environments, where running full SLAM
in every session can be unnecessary and inefficient. We pro-
pose a multi-session framework that instead prioritizes map-
based localization, activating mapping only when required. A
topology-informed, uncertainty-aware mechanism analyzes the
pose-graph structure to detect when the prior map no longer
sufficiently supports the current observations, triggering map-
ping and loop closure selectively. This enables incremental map
expansion while maintaining global consistency and reducing
redundant computation. Experiments on public datasets and a
real-world mine environment show that the approach achieves
accuracy comparable to full SLAM while limiting unnecessary
mapping.
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I. INTRODUCTION

Autonomous robotic systems are increasingly required

to operate repeatedly in previously visited environments.

Applications such as warehouse automation, infrastructure

inspection, and long-term deployment in structured indoor

spaces demand not only accurate mapping, but also effective

reuse of prior knowledge across time.

Simultaneous Localization and Mapping (SLAM) has been

the dominant framework for estimating both the trajectory

of a robot and a map of the environment [1]. To extend

this capability to repeated operation, multi-session SLAM

approaches incrementally build, align, and refine maps across

sessions (often offline due to computational complexity),

enabling consistent long-term representations [2]. In particu-

lar, multi-session LiDAR mapping has become increasingly

relevant in domains where high-precision maps are required,

such as surveying, search and rescue, and autonomous driv-

ing [3], [4]. A common strategy consists of executing SLAM

independently in each session and subsequently merging the

resulting maps, either offline or through incremental align-

ment and pose-graph optimization [5], [6]. While effective,



these approaches typically involve repeatedly performing

full SLAM pipelines, even in regions that have already

been properly reconstructed. This can lead to redundant

computation, increased system complexity, and challenges

related to drift, map consistency, and scalability, particularly

when inter-session constraints are sparse.

An alternative perspective is to consider map-based lo-

calization as the primary mode of operation once a reliable

prior map is available, using SLAM selectively to extend

the map when needed. Such a strategy has the potential

to reduce unnecessary mapping efforts while maintaining

accuracy. However, it raises a key question: How can we

determine when the existing map is sufficient and when new

mapping should be triggered?

In this work, we build on this perspective and propose a

principled mechanism to adaptively switch between localiza-

tion and mapping based on the structure of the underlying

Pose-Graph (PG). Rather than assuming that each session

requires full SLAM, the system evaluates whether current

observations are adequately supported by the prior map. The

main contributions of this work are as follows:

• A novel uncertainty-aware decision mechanism based

on the connectivity of the PG, enabling automatic

switching between localization and mapping modes.

• A multi-session system that integrates this mechanism

within state-of-the-art LiDAR-based localization and

mapping frameworks.

• Experimental validation on public datasets and a real-

world underground mine environment, showing that

the proposed approach maintains SLAM-level accuracy

while reducing unnecessary mapping operations.

This formulation provides a step toward more efficient multi-

session operation by prioritizing localization and invoking

mapping only when required, while remaining compatible

with existing SLAM pipelines.

II. RELATED WORK

Multi-session mapping capabilities have been extensively

studied in the visual SLAM literature. In [6], loop closure

factors are employed to jointly optimize multiple trajectories

from different sessions. Daoud et al. [7] combine multiple

maps online by adding these constraints between keyframes

with enough similarity. ORB-SLAM Atlas [8] improves the

previous by treating the maps as a single entity with a

shared descriptor database. In addition, they remove dupli-

cate points, but map merging requires ≈ 13x frame rate.

In the domain of LiDAR mapping, where the accuracy and

consistency of the maps are crucial, multi-session remains an

even more challenging problem. Many works have addressed

this problem by creating entirely new maps for each session

and combining them either online or offline. LT-Mapper [2]

combines multiple maps from independent sessions using

ScanContext and ICP verification. The constraints are in-

cluded as anchor node-based inter-session loop factors to

reduce the optimization complexity, and rely on a robust

back-end to mitigate inevitable false loop detections. In [9],

the optimization complexity across sessions is kept bounded

through the use of condensed measurements, which enable

the merging of local maps upon detecting inter-session loop

closures, while simultaneously removing out-dated nodes

during the fusion process.

Automerge [5] demonstrates large-scale (i.e., hundreds of

km) map merging. However, it heavily depends on sufficient

overlapping between maps and the availability of GNSS.

In addition, the matching complexity scales quadratically

with the number of session keyframes, requiring minutes

to complete. FRAME [10] employs learned descriptors and

place recognition to detect overlap between point cloud

maps, boosting the map matching process. Despite this is

treated as a triggered event, the events are predefined by the

user (e.g., when two robots are nearby). LM-Mapping [3]

proposes a two-level optimization with local odometry con-

straints and inter-session factors. Despite this allows to im-

prove local precision and mitigate inter-map inconsistencies,

it still requires to rebuild the maps on every session and

is relegated to an offline post-processing phase. In MS-

Mapping [4], each new LiDAR cloud is registered both

sequentially and with chunks of the prior map, incrementally

building the graph and a merged map. Once again, the multi-

session mapping problem is formulated as a PG optimization,

where inter-session constraints are modeled as loop closure

factors. This approach is shown to outperform direct map-

to-map and scan-to-map registration. LEMON-Mapping [11]

presents a scalable multi-robot system that leverages geomet-

ric constraints from overlapping point clouds to strengthen

the role of inter-session LC. Reliable loop selection and joint

inter-session (hierarchical) PG optimization are shown to be

crucial for mitigating map divergence across sessions.

In contrast to approaches that repeatedly perform full

SLAM across sessions, our method follows a complementary

perspective by prioritizing localization in previously mapped

regions and invoking mapping selectively when required.

Rather than constructing and maintaining complete maps for

all sessions, we maintain a local submap and extend the

representation only when new areas are observed. Similar

to [10], mapping can be interpreted as a triggered event;

however, in our case, this decision is performed automatically

based on the structure of the PG.

The problem of multi-session mapping is closely related

to the kidnapped robot problem [12], where the goal is

to estimate the robot’s pose given a prior map and no

a priori information about its location within it. In this

context, map-based localization provides an effective solu-

tion, although its performance is inherently bounded by the

quality and coverage of the prior map. G-Loc [13] proposes

a robust PG-based method for LiDAR-inertial localization

using prior topological and geometric information. However,

its operation in unmapped regions is limited and it does not

incorporate a way to expand the prior map. LTA-OM [14]

first triggers a localization method and then loads the prior

map into the odometry module [15], thus not requiring

additional map merging operations nor rebuilding a map

when operating in the same area.

In contrast to these approaches, which focus primarily
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on localization given a prior model, this work addresses

the complementary problem of determining when the prior

map is no longer sufficient. We introduce a topology-based

decision mechanism that analyzes the connectivity of the PG

to decide whether the system should continue in localization

mode or activate mapping to incorporate new observations.

Furthermore, our approach does not require the prior map

to be generated by the same SLAM system, increasing its

flexibility in practical deployments.

III. METHOD

We propose a topology-driven framework for multi-session

robotic operations that prioritizes map-based localization.

Instead of performing full SLAM in each session, the system

primarily operates in localization mode using an existing

map. It selectively activates mapping and loop closing to

expand the map when necessary. To support this behavior,

the system analyzes the joint PG —combining the current

session and prior map— to assess whether the robot state

is sufficiently constrained. If not, mapping is triggered to

incorporate new observations and reinforce connectivity.

The framework integrates three main components: (i) a

map-based localization backbone, (ii) a mapping and loop

closing module that establishes both intra- and inter-session

constraints, and (iii) a topology-aware mechanism that gov-

erns the transition between operation modes. See Fig. 1.

A. Multi-session Graph Localization

We adopt G-Loc [13] as the localization backbone, which

combines LiDAR-inertial Odometry (LIO) and map match-

ing constraints into a multiple graph optimization framework.

The bottom stream in Fig. 1 depicts the different graphs

involved in the localization process. First, LIO hyper-edges

and scan-to-scan matching are optimized within a sliding-

window fashion (gray graph in that figure), producing coarse

estimates of the robot poses at IMU rate. A marginalization

prior is used to retain information from past states outside

the optimization window.

The active graph (blue) contains vertices that encode a

sparse subset of the LIO states, i.e., LIO-optimized poses

of the most recent n key frames, T ≜ {T1, . . . ,Tn |

Ti ∈ SE(3)}, together with their associated submaps. Such

vertices are connected consecutively via submap-to-submap

matching constraints. In addition, this graph includes inter-

session constraints (submap-to-map matching) that link T

with nearby vertices of the reference graph (orange) and

their k-neighbors. The active graph is optimized to obtain

a precise localization, keeping the nodes from the reference

graph fixed, i.e.,

T ⋆ = argmin
T

(

∑

(i,j)∈Eintra

∥eintra
i,j ∥2 +

∑

(i,r)∈Einter

∥einter
i,r ∥2

)

,

(1)

where ∥e∥2 ≜ (eT
Σ

-1
e) ∈ R is the quadratic error for a

measurement with covariance Σ, eintra
i-1,i ∈ se(3) are the resid-

uals associated with consecutive submap matching (intra-

session constraints), and e
inter
i,r ∈ se(3) are those associated

with the correspondences between current observations and

the reference map (inter-session constraints). The pair set

Eintra ≜ {(i, j) | 1 ≤ i < j ≤ n, j = i + 1} and Einter ≜ {(i, r) |

1 ≤ i ≤ n, r ∈ Iref}, with Iref the index set of vertices that

belong to the reference graph.

Solving (1) enables limited spatial and topological asso-

ciation with previous sessions. G-Loc treats the reference

model (PG and point cloud submaps) as a passive input

—immutable information used solely for localization. This

approach underutilizes the rich information encoded in the

PG, including its representation of uncertainty. To address

this, we extend [13] by transforming the reference model

into an active component of the localization pipeline: when

the system traverses an unseen or poorly mapped area, the

model is incrementally updated with new observations.

First, all vertices together with their associated submaps

that leave the sliding window of key frames (T ) are retained.

To bound memory usage, temporal and graph-distance limits

are imposed, pruning elements that exceed them. When the

mapping mode is triggered by the decision-making module,

these inactive nodes are selected to form the candidate

graph (green in Fig. 1), which is then merged into the

reference model. As they enter the reference graph, they

are automatically incorporated into a LC database. Robust

LC search, matching and false-positive rejection (see [16])

occurs in a separate thread, improving the overall connectiv-

ity and accuracy. Therefore, under this mapping mode, the

optimization problem (1) becomes:

{T ,R}⋆ = argmin
{T ,R}

(

∑

(i,j)∈Eintra

∥eintra
i,j ∥2 +

∑

(i,r)∈Einter

∥einter
i,r ∥2

+
∑

(r,s)∈ELC

∥eLC
r,s∥

2

)

, (2)

where R ≜ {Tr ∈ SE(3) | r ∈ Iref} denotes the set of

reference poses, which in mapping mode can grow over time

and are jointly optimized together with T . Note that global

PGO is now performed, taking into account both the current

and reference poses. In addition, eLC
r,s ∈ se(3) are the residuals

from LC constraints and ELC ≜ {(r, s) | r, s ∈ Iref, r ̸= s}.

B. Switching Mechanism

The decision to localize on a prior map or extend it

through mapping is driven by the overall structure of the

current and reference PGs. The system dynamically switches

between localization and mapping based on the connectivity

and uncertainty in the environment. If the graphs are weakly

connected or disconnected, this suggests the system is either

entering an unvisited area or facing insufficient overlap, both

of which require initiating mapping to expand the map and

improve localization. Additionally, regions with high uncer-

tainty in the pose-graph are flagged for map reinforcement

to ensure robustness and consistency across sessions.

The structural patterns of the PGs reflect the quality and

stability of the underlying optimization. Well-distributed,

strongly connected loops enhance global consistency, facil-

itating reliable localization. In contrast, sparse or weakly
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Fig. 2: Multi-session mapping results in NCE dataset Extension [18]
(Quad E, Quad H); each depicted in a different color for visualiza-
tion.

connected graphs may signal uncertainty or drift, which

are often associated with poor optimization and unstable

estimates. In such cases, the system detects when the prior

map’s structure is insufficient to support reliable localization,

triggering a switch to mapping mode. This enables the

system to incrementally extend the map, reinforce weak

connections, and improve global consistency as it encounters

new areas or insufficient overlap. In practice, we employ

spectral metrics derived from the PG (e.g., Fiedler value,

node degree) to assess connectivity and uncertainty.

C. Initial Inter-Session Localization

To initialize localization in a prior map, we employ a

place-recognition approach based on ScanContext++ [17].

It retrieves the k-best loop candidates from the prior map,

followed by a 3D alignment step to select the most consistent

one and obtain an initial pose estimate within the existing

map.

IV. EXPERIMENTS

In order to validate the proposed method, we have con-

ducted two sets of experiments. The first utilizes two widely

used datasets to evaluate the performance of our system in

a controlled setting, enabling comparison against existing

approaches and a detailed analysis. The second experiment

involves a real-world deployment in an underground mine,

aimed at demonstrating the system’s robustness and appli-

cation in challenging environments. All experiments were

performed on a system equipped with an Intel Core Ultra 7

155H processor and an NVIDIA GeForce RTX 4070 GPU.

A shared requirement for all experiments is the availability

of prior topological and geometric models of the environment

(i.e., a PG and a point cloud). To fulfill this requirement, we

use [16], a robust and accurate framework for LiDAR-inertial

mapping.

A. Dataset Evaluation

The Newer College (NC) [22] and Newer College Ex-

tension (NCE) [18] datasets contain data recorded using a

handheld device in diverse environments. In NC, data was

recorded using an Ouster OS1-64 LiDAR and its internal

Inertial Measurement Unit (IMU) while NCE uses an Ouster

OS0-128 and an Alphasense Core Both datasets provide

ground-truth trajectories and include sequences with partially

overlapping trajectories that have been previously used for

multi-session SLAM evaluation [4], [23].

The experiment consisted of gradually processing 3 over-

lapping sequences from NCE. First, we create a base model

with Quad-e (orange in Fig. 2). Notably, Quad-m sequence

completely overlaps with the first, enabling the system to

operate in map-based localization mode. Then, we perform

incremental updates using the Quad-h (green), extending the

information provided by the preceding one. Fig. 2 illustrates

the joint model after processing both sequences. The new

region is shown in a different color, showcasing the contri-

bution of this session, the strong inter-session links, and the

fact that overlapping regions are modeled only once.

To assess the performance of the proposed method, we

present the Absolute Trajectory Error (ATE) Root Mean

Squared Error (RMSE) for each individual sequence, and

compare our approach with state-of-the-art LIO/SLAM [16],

[19], [20] methods (which build separate maps for each

sequence) and map-based localization systems [13], [21]

(all of them using Quad-e as reference map). Note that, in

contrast, our method concatenates the sessions and incremen-

tally leverages the information from previous sequences. The

results are reported in Table I.

Overall, the proposed approach produced the best result in

every sequence and had the lowest average RMSE, alongside

LG-SLAM. Since the mapping module is similar to that

of LG-SLAM, both approaches achieved the same level

of accuracy in Quad-e, where no prior information was

available. Similarly, when the sequences fully overlap (i.e., in

Quad-m), our method exhibits the same behavior as G-

Loc. However, in Quad-h, where there is a new indoor

region not present in the previous sequences, our method

outperforms all others. As this new area is small, G-Loc

still performs accurately, demonstrating its robustness even

in partially unmapped regions. However, map-based localiza-

tion methods fail or accumulate drift in Quad-h, as there is

an unvisited region. Notably, our approach achieves accuracy

comparable to SLAM methods while substantially reducing

graph complexity by alternating between localization and

mapping modes, and providing a joint model.

Table II contains a comparison against a multi-session sys-

tems in Parkland (S1) and Short (S2) sequences from [22].

We compare against MS-Mapping [4] and two multi-session

localization algorithms (M2F and F2F) reported in [4].

Specifically, M2F localizes the new session point cloud

frame-by-frame on the prior map to establish constraints,

while F2F localizes frames from the current session against

the joint map. The first column reports ATE RMSE after

processing each sequence individually, where our approach

outperforms the alternatives. The second column shows

results when leveraging cross-session information —using

Parkland while processing Short, and vice versa. Results for
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Method / Sequence Quad-e Quad-m Quad-h Avg.

SLAM

LIO-SAM [19] 0.074 0.067 0.13 0.090

NV-LIOM [20] 0.076 0.076 0.18 0.110

LG-SLAM [16] 0.066 0.072 0.090 0.076

Map-based Localization
HDL-Loc [21] – 0.10 × ×

G-LOC [13] – 0.067 0.087 0.077

Ours 0.066 0.067 0.082 0.071

TABLE I: ATE RMSE (m) in NC and NCE dataset. SLAM methods build separate maps for each sequence. Map-based localization
methods employ Quad-e as reference map. Our method incrementally concatenates sessions (left to right). Best results are bold and
second best are underlined. × indicates an unrecoverable failure.

Method / Seq.
Individual Combination

S1 S2 S1 (given S2) S2 (given S1)

MS-Mapping [4] 0.26 0.45 0.29 0.40

Ours 0.17 0.38 0.24 0.47

TABLE II: Comparison of ATE RMSE (m) for multi-session
approaches on Parkland (S1) and Short (S2) sequences.

the combined sequences show comparable results, with lower

computational requirements.

Finally, regarding execution time, our approach signif-

icantly reduces graph complexity by alternating between

localization and mapping modes. For example, the combined

graph of S1 and S2 consists of 600 nodes, while the

individual S1 and S2 graphs have 770 nodes. This reduction

leads to improved computational efficiency, highlighting the

benefits of using multi-session information without needing

to remap entire sequences. On average, our method processed

each keyframe in 50 ms and required 196 ms for loop closure

(LC) and pose graph optimization (PGO). In comparison, the

SLAM baseline [16] processed each keyframe in 48 ms and

took 231 ms for LC and PGO. Notably, in our approach,

the LC thread was only active during part of the sequences,

further reducing the overhead.

B. Real-World Experiment

The Kemi Mine is the largest underground mine in Find-

land, with 1 km depth. The experiments covered a distance

of 8 km along a series of spiral primary and secondary

galleries. Using a prototype vehicle and following diverse

trajectories throughout the tunnels, data from the mine was

collected using two Robosense M1 solid state LiDARs (front-

and rear-facing) and an industrial-grade IMU. Both LiDARs

were used to build the prior maps while only the front-

facing LiDAR was used for localization to demonstrate the

performance with mismatched field-of-view. Although the

standard configuration uses both sensors, this experiment

demonstrates that reliable localization can still be achieved

under these conditions. In addition, Wi-Fi localization was

used to provide a rough location estimate and correctly

initialize the map-based localization algorithm, thanks to the

large amount of access points located throughout the tunnels.

Fig. 3 contains the resulting map for two of the sequences

in the mine, which partially overlap. The prior SLAM-

generated model is shown in orange, while the extended

model from the second session appears in green. Two areas

of the prior map are seamlessly expanded into previously

unmapped regions. The PG constructed during the second

session exhibits strong internal connectivity, as well as robust

links to the prior graph —enabled by the intelligent module

responsible for orchestrating mapping and LC operations.

Notably, one of the new regions (boxed area in Fig. 3)

enforces a loop in the prior map. This clearly improves the

overall connectivity of the joint PG. Also, thanks to the

global optimization performed where uncertainties of both

mapping processes are accommodated, the consistency and

precision of the point cloud representation are enhanced.

The analysis of the eigenvectors for both graphs reveals

that the weakest region lies within the first session in both

cases; i.e., the new session did not introduce any weaker

edges.

Regarding time consumption, executing SLAM required,

on average, 59.9 ms to process each frame (including odom-

etry and mapping). In addition, 149.6 ms were consumed by

the LC thread per iteration (including PGO). These values

remained similar for both sequences. In contrast, our multi-

session approach required 45.3 ms to process each frame.

Mapping, LC and global PGO were selectively triggered,

requiring 109.9 ms on average but being active just 10% of

the time.

V. CONCLUSIONS

In this work, we proposed a framework for online multi-

session robotic operation that enables continuous map up-

dates across sessions. The method allows for seamless in-

tegration of new data into the reference map, avoiding the

need for redundant remapping of previously visited areas.

By operating incrementally, our approach maintains high lo-

calization accuracy while enabling real-time map expansion.

Experiments on public datasets and real-world deployments

show that our method achieves localization performance

comparable to state-of-the-art SLAM systems. Future work

will focus on improving real-time change detection in pre-

viously mapped areas and refining the integration process to

further enhance the overall efficiency and accuracy of multi-

session mapping.
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Before global PGO After global PGO

Fig. 3: Multi-session results in the Kemi underground mine. The
boxed region shows a loop closure enforced between two areas
previously mapped but disconnected. Furthermore, the zoomed-in
images further illustrate the impact of global PGO.
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