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Abstract— One-shot LiDAR localization refers to the ability
to estimate the robot pose from one single point cloud, which
yields significant advantages in initialization and relocalization
processes. In the point cloud domain, the topic has been exten-
sively studied as a global descriptor retrieval (i.e., loop closure
detection) and pose refinement (i.e., point cloud registration)
problem both in isolation or combined. However, few have ex-
plicitly considered the relationship between candidate retrieval
and correspondence generation in pose estimation, leaving them
brittle to substructure ambiguities. To this end, we propose
a hierarchical one-shot localization algorithm called Outram
that leverages substructures of 3D scene graphs for locally
consistent correspondence searching and global substructure-
wise outlier pruning. Such a hierarchical process couples
the feature retrieval and the correspondence extraction to
resolve the substructure ambiguities by conducting a local-to-
global consistency refinement. We demonstrate the capability
of Outram in a variety of scenarios in multiple large-scale
outdoor datasets. Our implementation is open-sourced: https:
//github.com/Pamphlett/Outram.

I. INTRODUCTION

LiDAR-based localization problems can be stated in the
following general form. We are given a point cloud P
produced by a LiDAR, and a reference point cloud Q,
which can be either another frame of LiDAR scan [1], an
accumulated submap [2], or even the entire mapping space
[3]. Given a point correspondence i ∈ I, pi ∈ P and
qi ∈ Q can be associated and represented in the residual
function ri := ∥Tpi − qi∥ → [0,∞) where T is random
rigid transformation.

While the estimation problem can be relatively easy in
special cases (e.g., the size of point clouds is constrained
or an approximation Tinitial is known a priori), it can be
hard in general [4], [5] due to limited descriptiveness of local
features and computational complexity. These general, prior-
free cases are what we encountered in relocalization or global
localization problems. To address this problem, prior work
[6], [7], [8], [9], [10] usually break it down into a retrieval
phase and a pose estimation phase, where several candidates
are generated first and verified later for final pose estimation.
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Fig. 1. Illustration of the proposed global localization algorithm on
MulRan DCC dataset [11]. We generate 3D scene graphs and leverage
their substructures for locally consistent correspondence generation. With
these raw correspondences, we exploit a graph-theoretic outlier pruning
process for globally consistent inlier extraction (green lines). The point cloud
transformed by the estimated pose is shown in green in the enlarged area.
The position of the semantic segmented point cloud and the grey map point
cloud is presented for visualization purposes only.

These decoupled approaches, however, suffer from local
ambiguities where the substructures in different areas are
similar, leading to false candidate retrieval.

Rather than attempting to find the most appearance-similar
keyframe through one single retrieval, we propose an al-
gorithm called Outram for one-shot, accurate, and efficient
global localization directly against a reference map. Different
from existing works, we rely on local substructures of a 3D
scene graph to generate locally consistent correspondences
directly with the map, and further find the inlier correspon-
dence that globally unifies substructures-wise consistency.
This leads to the proposed local-to-global, hierarchical global
localization algorithm that has the following contributions:

• We propose a novel representation encoding substruc-
ture of 3D scene graphs for efficient locally consistent
correspondence generation.

• Together with a subsequent graph-theoretic pruning
module, we propose an accurate, efficient, and one-
shot global localization pipeline for large-scale outdoor
environments.

• Extensive experiments are conducted on publicly avail-
able datasets on a global localization setup, showing
superior robustness compared with current state-of-the-
arts. We further open-sourced our implementation to
benefit the community.

II. RELATED WORK

In the literature, LiDAR-based relocalization or global
localization methods can be broadly categorized into two
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branches by whether a movement of the robot is needed,
namely one-shot localization and iterative localization. Itera-
tive localization methods are usually formulated in a Monte
Carlo localization manner [12], [13], where the movement
of the robot will provide more environment observations and
thus update the weight of each particle till convergence. With
the accumulative submap and generated dense segments,
Segmap [14] proposed a data-driven retrieval mechanism for
global localization.

On the contrary, one-shot localization is referred to as
algorithms that solve the global localization problem in a
full prior-free manner. We further divide the literature on
this into two groups: loop closure detection-based methods
and registration-based methods. The next subsection provides
more details on each of the two groups.

A. Loop closure detection-based global localization

Loop closure detection (LCD) methods identify previously
visited places by encoding current LiDAR measurements
into global descriptors and comparing them to a database
constructed from historical frames. The construction process
can be divided into global and local ones. Very similar
to its visual-based counterpart, several local methods [15],
[16] detect 3D key points and aggregate them into a global
representation, and the retrieval process is arranged in a
bag-of-words manner. Alternatively, global methods directly
encode the whole LiDAR scan. The encoding pattern can
be either handcrafted or deep-learned. Scan Context [6]
encodes the geometric information of a point cloud into a
bird-eye-view global descriptor. Following the same data
structure, several variants [17], [10] have been proposed
to enhance the descriptiveness by extending the original
geometric-only representation by either the inherent inten-
sity information [17] or high-level semantics [10]. Several
methods leverage deep neural networks to generate global
descriptors directly [18], [19]. Uy et al. [18] combined
PointNet [20] and NetVLAD [18] to generate compact global
representations. Chen et al. [19] proposed an LCD network
that estimates the overlap ratio between point clouds. More
recently, techniques exploiting the graph structure of local
features have been proposed [21], [9], [22], [7]. Methods
involving point cloud semantics [21], [9], [22] usually encode
the scene by instances and the spatial layout in between. LCD
is accomplished by conducting similarity checks between
these semantic instance graphs. Yuan et al. [7] proposed
to aggregate local point features to form a triangle-based
descriptor (the simplest graph). Leveraging the side length of
each triangle as the hash table key, loop closure candidates
can be found by a voting scheme. Further, the transformation
in between is calculated and verified by planes in the scene.

It is natural to extend LCD methods to global relocal-
ization due to the similar retrieval mechanism [23]. Nev-
ertheless, local ambiguities and scene changes can make
the descriptor-based algorithms brittle. Moreover, while ge-
ometric verification is widely employed after the retrieval
process, it can be both time-consuming and inaccurate [24].
Additionally, even if the geometrically proximate candidate

is retrieved from the database, LCD methods usually rely
on local point features for the subsequent pose estimation,
which could potentially suffer from feature degeneracy [4],
[5], resulting in impossible pose estimation.

B. Registration-based methods

Instead of finding one single keyframe in the pre-built
LCD database, registration-based methods seek to solve the
global localization problem in a point cloud registration
manner. There exist two concerns [25] when leveraging point
cloud registration in solving global localization problems:
correspondence generation and outlier pruning. In correspon-
dence extraction, it is not computationally feasible to directly
extract correspondences on the point level. Subsequently,
several methods leverage high-level representation in replace
of geometric points. Ankenbauer et al. proposed [26] se-
mantic object maps for global localization by formulating a
global registration problem, where all-to-all correspondence
is built between semantic objects within local and global
maps. In a very similar sense, all-to-all correspondence is
also employed in [27] for global localization, while semantic
clusters to be registered are from different modalities.

In the outlier correspondence pruning stage, the aforemen-
tioned two methods both send prebuilt correspondences into
a graph-theoretic inlier selection module, where the inlier set
is modeled as the maximum clique (MC) of the consistency
graph [28]. Additionally, RANSAC-based methods [8] are
also ubiquitous in the outlier pruning stage, while being
proven to be brittle to high amounts of outliers [28], [29].

In comparison with these methods, we proposed a novel
substructure representation, instead of semantic clusters only,
of a semantic segmented point cloud for more informative
correspondence extraction. We empirically demonstrate in IV
how our proposition is more computationally tractable and
accurate than the previous state-of-the-art.

III. METHODOLOGY

In this section, we first formulate the global localization
problem that is considered herein. Next, we present our
proposed one-shot global localization algorithm Outram with
two sub-modules, where we first leverage local substructures
in a 3D scene graph for correspondence generation and
further prune the correspondence globally with substructure-
wise consistency check.

A. Registration-based One-shot Global Localization

The point cloud registration problem is formulated as
acquiring the pose transformation T of a single query LiDAR
point cloud P =

{
pi ∈ R3

}n

i=1
against a prebuilt point cloud

map M =
{
mj ∈ R3

}m

j=1
accumulated by a series of scans

in the world frame collected during a time span [1, t]. The
pose transformation in between is defined as:

T ≜ [R, t] ∈ SO(3) × R3, (1)

where R represents the rotation and t is the translation. With
the unknown ground truth transformation, corresponding
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points in the query scan and the reference map can be
associated as:

mj = Rpi + t+ oij , (2)

where the measurement error oij is either Gaussian or
random depending on whether the correspondence is an inlier
or not. Finding the pose transformation typically includes
three steps: find an initial data association I ∈ [n]× [m] :=
{1, . . . , n} × {1, . . . ,m}, prune the initial correspondences
set I for the inlier set I⋆, and estimate the pose trans-
formation with the inlier set I⋆ [30]. In the following
sections, we will detail how we leverage scene graphs for
informative correspondence generation and efficient outlier
pruning. We also empirically demonstrated in IV how our
proposed method is superior to current existing works [26]
leveraging all-to-all correspondence for global localization
problems in terms of scalability.

B. Triangulated 3D Scene Graph

Since point feature level correspondence generation is not
computationally feasible in global localization problems, we
leverage 3D scene graphs [31] for correspondence extraction
at a higher instance level. Different from previous works
[26], [32] that build all-to-all correspondence or leverage
instance-only descriptor, we present a new representation,
triangulated 3D scene graphs, for informative and efficient
correspondence generation.

Given the query point cloud P = {pi}ni=1, we employ the
state-of-the-art point cloud semantic segmentation network
[33] to match a point pi with a semantic label l ∈ L. The
network thus acts as a mapping λ(pi) : R3 → L ⊂ N. Hence,
we can define the following semantic S point cloud as:

S = {si|si = (pi, λ (pi)) ,∀pi ∈ P} . (3)

Subsequently, we leverage the projection-based clustering
method [34] to generate instances from the semantic point
cloud with the same label l:

Cl = {Ck ⊂ P|k = 1, . . . N ;

l = λ(pi) = λ(pj), ∀pi,pj ∈ Ck}.
(4)

We further enhance these semantic clusters by approximating
each of them as Gaussian distributions:

µk =
1

|Ck|
∑

pi,Σk =
1

|Ck|
∑

(pi − µk)
⊤(pi − µk).

(5)
The query scan and reference semantic map can be rep-

resented by a set of semantic Gaussian distributions CA ={
Al

i ∼ N (ai,ΣAi
)
}

and CB =
{
Bl
j ∼ N

(
bj ,ΣBj

)}
re-

spectively. These semantic Gaussian distributions will then
act as primitives for establishing correspondences and later
pose estimation. This representation is beneficial for corre-
spondence generation as the covariance depicts the shape
information of each semantic instance, which serves as
another metric for similarity check. Such semantic lifting
also structures the query scan as a two-layer scene graph [31]
where we have the semantic segmented points as the metric-
semantic layer and instances at the upper layer. Each edge

Fig. 2. One LiDAR scan from MulRan DCC dataset and its corresponding
triangulated 3D scene graph. Colored spheres are the centroids of each
semantic cluster with cars being purple, tree trunks being brown, and poles
being yellow.

in the upper layer encodes the spatial relationship as well as
the semantic topological information between instances.

C. Correspondence Generation via Local Substructures

We then leverage substructures of the scene graph for cor-
respondence generation. Inspired by STD [7], we triangulate
each scene graph to form a series of triangles as in the
minimal representation for local similarity measurement and
subsequent correspondence generation. To be more specific,
each anchor semantic cluster Ai ∼ N (ai,ΣAi

) is associated
with K nearest clusters {Aj}Kj=1. Afterward, we exhaus-
tively select two of the neighbors, together with the anchor
cluster, i.e., A1, A2 and A3, to form one triangle represen-
tation of current scene graph. By an abuse of notation, we
denote it as ∆(A1,2,3) which comprises of the following
attributes:

• a1, a2, a3: centroids of the semantic clusters;
• Σ1, Σ2, Σ3: corresponding covariance matrices;
• d12, d23, d31: three side lengths, d12 ≤ d23 ≤ d31;
• l1, l2, l3: three semantic labels associated with each

vertex of the triangle.
Similar to STD [7], we build a hash table using only the
sorted side length d12, d23, and d31 as the key value due
to its simplicity and permutation invariance. Other attributes
are left for verification purposes. In the searching process,
we have the triangulated scene graph in the query scan and
reference map:

∆Query =
{
∆

(
An

1,2,3

)}N

n=1
,

∆Map =
{
∆
(
Bm
1,2,3

)}M

m=1
,

(6)

where n and m are indexes for triangle descriptors in
the query and map scene graph respectively. We drop the
subscript and denote ∆

(
An

1,2,3

)
as ∆An for clarity. As

shown in Fig. (3), query each of the triangles (e.g., ∆A1)
against the hash table constructed by the reference semantic
scene graph will produce multiple responses {∆Bq}Qq=1

as similar substructures could exist throughout the whole
mapping region. We further leverage the semantic labels l,
as well as the covariance matrix Σ, associated with each
vertex for another round of similarity-check for semantic
and shape resemblance. For semantic labels, we simply
employ the equality condition. For the covariance matrices,
Wasserstein distance is applied for similarity measurement.
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Fig. 3. Illustration of the substructure ambiguities and the proposed
correspondence generation process. One triangle representation of the query
scan (with three vertices labeled as tree trunk in brown) is shown in blue and
multiple responses from different regions of the reference map are shown in
green (true location) and red (false location) due to substructure ambiguities.
Correspondence generation between all these substructures ensures local
consistency while also retaining the possibility of exploiting scene-wise
global consistency.

After querying all triangles in the query scene graph, a set
of raw cluster-wise correspondence Iraw can be naturally
built as the sorted side length offers direct mapping between
semantic clusters.

Although the descriptor-based retrieval process presented
above is very similar to the one in any ordinary LCD,
we highlight here that we neither solve for the pose nor
produce multiple candidates. Instead, we leverage these lo-
cally similar substructures, i.e., the triangulated scene graph,
to build the coarse correspondence. This is different from
both local feature-aggregation-based LCD methods [15], [16]
and global feature-based LCD methods [6], [8] where local
features are only stacked for retrieval purpose in the former,
and post-retrieval correspondence generation for the latter.
We implicitly formulate the candidate selection process in the
correspondence generation stage which guarantees the local
similarity while also retaining the possibility of exploring
scene-wise global similarity in the next stage.

D. Global Graph-theoretic Outlier Pruning

With the prebuilt correspondence set Iraw that associates
subareas of the current scene with locally similar ones in the
reference map, we seek to find an area that maximizes the
number of mutually consistent correspondences as well as
maintains the consistency between these local structures:

max
I⊂Iraw

|I|

s.t. D (Ii, Ij) ≤ ϵ, ∀Ii, Ij ∈ I,
(7)

where D is a metric consistency check indicating whether
two correspondences are mutually consistent with each other
and ϵ is the threshold. Namely, for two correspondences Ii
and Ij , with their corresponding semantic clusters Ai,Bi and
Aj ,Bj , a consistency check is defined as

D (Ii, Ij) ≜ dist (Aij ,Bij) , (8)

with Aij := Ai − Aj and Bij := Bi − Bj distribution
differences between semantic clusters. It is worth noting that
the similarity check D can vary. From the simplest Euclidean
distance-based [28], [26] to distribution distance-based [5].

Problem 7 can be solved by formulating the correspon-
dence set to a consistency graph G = (V, E), where each
vertex in V represent one correspondence and each edge in
E represents two correspondences are consistent with each
other evaluated by similarity check D. Afterward, finding
the inlier set is equivalent to searching for the maximum
clique of the consistency graph. We invite interested readers
to refer to [28] for more details. Maximum clique is a classic
combinatorial problem in graph theory and is NP-complete.
We leverage the PMC library [35] to solve it. We will also
show how current state-of-the-art registration-based global
localization algorithms [26] are brittle to the hardness of the
maximum clique problem when the problem scales up even
with a powerful parallel solver.

From a holistic view, such graph-theoretic outlier pruning
strategy embeds global consistency on top of the coarse
correspondence set generated by locally consistent triangu-
lated scene graphs. Such a local-to-global scheme resists
constructing the hard association between the query scan
and one single scan in the keyframe database, which is
usually conducted by voting or similarity check. Instead, it
first exploits local structures of one scene to generate cor-
respondences associating similar substructures. Afterward,
relationships between these local fragments are considered in
search of a place in the reference that is globally consistent
between the local substructures. The process presented here
is very similar to feature re-ranking methods [24] for LCD
where the computation of pose does not happen immediately
after candidate retrieval but goes through another re-ranking
process for frame-wise consistency verification. While our
proposed method works on a more informative lower level,
the substructures of scene graphs, thus have a better possi-
bility of reaching global consistency.

E. Pose Estimation

With the estimated inlier set I, we formulate the objective
function in Eq. (2) into the following truncated least squares
(TLS) form to resist potential outliers further [36]

R̂, t̂ = argmin
R∈SO(3),t∈R3

∑
ij∈Î

min
(
∥pi −Rqj − t∥2 , cij

)
,

(9)
with cij the truncation parameter. Eq. (9) is then solved by
leveraging Black-Rangarajan duality [37] and graduated non-
convexity (GNC) [36].

IV. EXPERIMENTAL RESULTS

In this section, we compare our proposed method with
several state-of-the-art one-shot global localization methods.
All mentioned algorithms are implemented in C++ and tested
on a PC with Intel i9-13900 and 32Gb RAM.

Experimental Setup. We evaluate our proposed method,
Outram, on six different sequences of two publicly available
datasets: MulRan [11] and MCD [38]. To mimic a real global
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TABLE I
DETAILS OF EVALUATION DATASETS

Mapping/Loc. Sequence Length Scan Number Time Diff.

Mapping:
MulRan DCC 03 5.7 km 7479 -

MulRan KAIST 02 6.3 km 8941 -
MCD NTU 01 3.8 km 6023 -

Localization:
MulRan DCC 01 4.9 km 5542 20 days
MulRan DCC 02 5.2 km 7561 1 month

MulRan KAIST 01 6.3 km 8226 2 months
MulRan KAIST 03 6.4 km 8629 10 days

MCD NTU 02 0.64 km 2288 2 hours
MCD NTU 13 1.23 km 2337 2 days

localization or relocalization scenario, different from a loop
closure detection setting, we intentionally involve tempo-
ral diversity between the mapping or descriptor generation
session and the localization session from days to months.
For each mapping sequence, we concatenate semantically
annotated scans [33] by the ground truth pose to generate
the semantic segmented reference map for registration-based
methods. Three representative semantic classes are used
for all semantic-related methods: pole, tree trunk, and car.
For LCD-based global localization methods, frames in the
mapping sequences are encoded to form a database for re-
trieval using scans in localization sequences. Statistics of the
benchmark datasets are presented in Table I. The criteria for
choosing the mapping sequence is the sequence that has the
most coverage of the target area. We also highlight the time
differences between the mapping and localization sessions
ranging from several days to months, making our setup
suitable for benchmarking global localization algorithms.

Baselines. We involved a variety of state-of-the-art loop
closure detection methods, STD [7], Scan Context [6] and
GosMatch [21], as well as recently developed registration-
based global localization algorithms [26] to benchmark the
performance of each of the method. STD also leverages
substructures of a scene for loop closure detection in a voting
manner and GosMatch leverages semantic clusters for global
descriptor generation. As they have certain sub-modules that
are the same as our proposed one, we involve them to confirm
that our proposition, the local-to-global method, can exploit
more structural information of a LiDAR scan and have a
better chance to be localized in a one-shot manner. As most
of the methods have an open-sourced implementation [7],
[21], [6], we directly use them for comparison. As to the
method proposed by Ankenbauer et al. [26], since it also
leverages semantic objects for global localization, we share
the same semantic clusters for a fair comparison.

Metric. We employ the ordinary relative pose error (RPE)
to evaluate the accuracy of estimated pose T̂ with respect to
the ground truth T:

etrans =
√
∆x2 +∆y2 +∆z2,

erot = arccos (trace(∆T)/2− 1),

with ∆T = T̂ ·T−1 the transformation difference, and ∆x,
∆y, ∆z the positional entries of ∆T. We regard global

localization results with etrans < 5 meters and erot < 10
degrees are valid, which is generally the convergence region
for local registration methods [30] for subsequent refinement.

Results. We present the experimental results in four
aspects, including successful global localization rate, error
distribution analysis, runtime analysis, and storage analysis.

A. Successful Rate of Global Localization

We present the results of LCD-based global localization
methods on the upper side of Table II while the registration-
based ones are on the lower side. Our proposed algorithm,
Outram, outperforms all other methods by a margin.

We observed that without the proposed triangulated scene
graph for correspondence generation, the method proposed
by Ankenbauer et al. [26] can hardly scale to bigger size
problems as it generates correspondences in an all-to-all fash-
ion. For smaller-size data sets (e.g., the reference semantic
map of NTU MCD only includes 1192 clusters), the method
performs relatively well as in this case, the straightforward
all-to-all correspondence guarantees the full inclusion of
the inlier correspondences while being also computationally
amenable. However, when the reference map scales to a
bigger size (e.g., 5136 and 5103 semantic clusters in MulRan
DCC and KAIST respectively), the original method quickly
becomes computationally intractable, where we observe the
algorithm drained all 32Gb RAM of the test platform, mak-
ing the program to crash. In such scenarios, we modified the
method to a constrained version where we limited the size of
semantic clusters in the query scan by random downsampling
(i.e., Ankenbauer et al. (Cons.) in Table II). However, the
constrained algorithm performs poorly due to the failure
of inlier inclusion. A pure geometric variant of Outram is
also involved (Outram Pure Geo.) in the ablation study of
semantic labels. In the implementation of the method, we
disable the semantic labels of each semantic cluster and
produce a set of triangle descriptors with pure geometric
information, similar to the representation proposed in STD
[7]. Conversely, these pure geometric triangle descriptors
are used to build up correspondence followed by a graph-
theoretic outlier pruning process, like what is proposed in
this paper. These comparisons demonstrate the effectiveness
of the proposed triangulated scene graph in terms of more in-
formative correspondence extraction (compared with existing
registration-based methods) and the superior performance of
the whole registration-based pipeline (compared with LCD-
based methods), which verifies our claims in I.

B. Error Distribution Analysis

The average translation error (ATE) and average rotation
error (ARE) in Table II are calculated using the successfully
localized ones only. On average, point-based loop closure
detection-based methods [7] have the most accurate lo-
calization result. The phenomenon can also be verified in
Fig. (4) the cumulative distribution function (ECDF). We
observe that in the lower left corner, the point-based global
localization method, STD, surpasses all other methods in
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TABLE II
GLOBAL LOCALIZATION PERFORMANCE COMPARISON

Successful Global Localization Rate [%] ↑
ATE [Meter] ↓ ARE [Deg] ↓ Time [ms] ↓

Dataset MulRan DCC MulRan KAIST MCD NTU

Localization Seq. 01 02 01 03 02 13

L
C

D STD [7] 17.57 18.06 49.61 38.96 66.64 34.27 0.23 0.54 7.18
GOSMatch [21] 48.61 50.17 35.93 51.98 55.01 42.53 1.92 2.06 12.08

R
eg

is
. Ankenbauer et al. (Original) [26] - - - - 77.92 82.54 0.47 2.03 1708.3

Ankenbauer et al. (Cons.) [26] 0.072 0.032 0.025 0.012 - - 2.81 3.17 345.3
Outram Pure Geo. (Ours) 50.65 66.93 41.90 42.17 82.11 82.76 0.69 2.70 323.8
Outram (Ours) 82.53 90.48 84.41 85.64 99.65 95.42 0.40 1.83 306.8

(a) ECDF of translation error. (b) ECDF of rotation error.

Fig. 4. The empirical cumulative distribution function (ECDF) of trans-
lation and rotation error on sequence 13 of MCD NTU dataset. The x-axis
represents different translation and rotation errors, and the corresponding
y-axis is the probability of one specific method producing an estimation
with a smaller error.
terms of translation error. This is because STD detects point-
level stable features for pose estimation, while all other
methods work on the object level and rely on centroids of
semantic clusters for pose estimation. Centroids could be
different due to viewpoint variation or occlusion. However,
this does not hinder the robustness of our proposed method
to outperform others, which is the most important evaluation
metric for global localization.

C. Runtime

In the last column of Table II, the average runtime of each
method is presented. We noticed LCD-based methods are
more computationally efficient compared with registration-
based methods due to the simple retrieval-based design.
All registration-based methods leverage maximum clique for
outlier pruning, which could be time-consuming when the
graph size is big.

To understand each of the sub-modules of our proposed
method better, we analyzed the time breakdown of each
module and plotted it in Fig. (5). Three main components are
considered, namely, the time to generate a triangulated scene
graph, the time to search for correspondence establishment,
and the time to solve the subsequent maximum clique
problem. Please note logarithmic scale is used in the y-
axis for better visualization. We note that solving for the
maximum clique (i.e., finding the globally consistent inlier
correspondences out of the prebuilt one) requires 190 ms on
average and is the most computationally expensive process.
The time required for the process is jointly determined by the
size of the 3D scene graph and the reference map. Although
our system cannot run in real-time, the runtime of Outram
stays manageable for the global localization task.

Fig. 5. Runtime breakdown of Outram on MulRan DCC sequence 01.

TABLE III
STORAGE CONSUMPTION OF EACH METHOD ON MULRAN KAIST

Method STD GosMatch Regis.-based

Storage Usage ↓ 62.4 MB 4.8 MB 513 kB

D. Storage Efficiency

We further analyze the storage consumption of each
method on MulRAN KAIST sequence 02 containing 8941
frames in Table III. For average global descriptor-based LCD
methods [21], it requires several MB to store the vectorized
descriptors for each frame to build up the database. STD
[7] requires storing planes detected in every frame for
geometric verification, thus more space is consumed. While
Outram only requires to store centroids. The result reveals the
potential of leveraging Outram for relocalization in bigger
size environments.

V. CONCLUSIONS

In this paper, we proposed Outram, a one-shot LiDAR
global localization algorithm leveraging triangulated 3D
scene graphs and graph-theoretic outlier pruning. Substruc-
tures of scene graphs are leveraged for locally consistent cor-
respondence generation, and the subsequent outlier pruning
process ensures the global consistency between the substruc-
tures and finds the inlier correspondences. We demonstrated
the effectiveness of our method on various datasets where
Outram surpasses several state-of-the-art LCD-based global
localization methods, albeit at the cost of real-time perfor-
mance. In the future, we plan to work on a proper indicator
of the global localization quality and a theoretical guarantee
for localization results.
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