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Abstract— This paper presents an accurate and fast 3D global
localization method, 3D-BBS, that extends the existing branch-
and-bound (BnB)-based 2D scan matching (BBS) algorithm.
To reduce memory consumption, we utilize a sparse hash
table for storing hierarchical 3D voxel maps. To improve the
processing cost of BBS in 3D space, we propose an efficient
roto-translational space branching. Furthermore, we devise a
batched BnB algorithm to fully leverage GPU parallel process-
ing. Through experiments in simulated and real environments,
we demonstrated that the 3D-BBS enabled accurate global
localization with only a 3D LiDAR scan roughly aligned in the
gravity direction and a 3D pre-built map. This method required
only 878 msec on average to perform global localization and
outperformed state-of-the-art global registration methods in
terms of accuracy and processing speed.

I. INTRODUCTION

3D light detection and ranging sensor (LiDAR)-based
localization has played an important role in the mobile robot.
LiDAR-based global localization, which is the task of finding
a robot’s global pose in a pre-built map without any initial
estimates, is effective in dense building environments where
the global navigation satellite systems (GNSS) accuracy
decreases due to the multipath and signal blockage. This
technique is a key technology in robotics applications such
as initial pose estimation. However, LiDAR-based global
localization with a large map in real time is challenging
because of the large search space.

There are several approaches to solving the global local-
ization problem. Global registration methods [1], [2], [3]
extract point features to describe local geometrical shapes
and relationships. A transformation is then estimated by
establishing point-to-point correspondences. Although these
methods can robustly match a pair of 3D point clouds with
outliers [1], they require considerable processing time for
point correspondence estimation with a large map point cloud
and often suffer from repeated environmental structures.

For scan-to-map matching, Hess et al. [4] proposed a
2D global localization method based on the branch-and-
bound (BnB) algorithm. Their method used hierarchical
occupancy grid maps to compute the upper bound of scan
matching scores and efficiently prune unpromising candidate
poses through hierarchical search space tree branching. This
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Fig. 1: Overview of the proposed global localization.

approach enables precise and fast global localization in 2D
maps. However, these performances are difficult to achieve
in 3D maps because memory consumption and processing
costs drastically increase.

In this work, we propose a 3D global localization method
using BnB-based scan matching (3D-BBS). Our method
estimates the sensor pose on a 3D pre-built map with a single
3D LiDAR scan roughly aligned in the gravity direction.
3D-BBS reduces memory consumption and processing time
using sparse map structures and GPU-accelerated batched
BnB algorithm. In our experiments, 3D-BBS exhibits accu-
rate and fast global localization in a second on average, and
significantly outperforms the state-of-the-art global registra-
tion methods [1], [2], [3].

The main contributions of this work are as follows:

e We propose a batched BnB algorithm that quickly
computes a large number of score calculations at once
on the GPU.

o For a faster BnB algorithm, we employ a combination
of the best-first search and roto-translational branching.
We empirically confirmed that it can drastically reduce
the processing time with a slight approximation.

o We utilize a 3D voxel map created with a sparse hash
table that enables saving the memory required for a 3D
multi-resolution voxel map. The code of the proposed
algorithm is available on a GitHub repository'.

II. RELATED WORK

A. Global Localization with Point Cloud Matching

For global pose estimation, many studies have utilized
feature extraction of point clouds [5]. In this approach,
descriptors that represent local geometrical shapes, such as

"https://github.com/KOKIAOKI/3d_bbs
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FPFH [6], and SHOT [7] are extracted to determine the
point correspondences between point clouds. Subsequently,
the relative pose between the point clouds is estimated using
a robust pose estimator such as RANSAC [8]. TEASER [1]
utilizes a graph-theoretic consensus finding algorithm that
enables robust pose estimation for a large number of outliers.
Although these methods achieve fast alignment in scan-to-
scan global registration, the registration of scan to large map
would require large processing time to find the correspon-
dence.

Chen et al. [9] use the range images generated from Li-
DAR scans and a meshed map. Their method achieved global
localization for various datasets using an observation model
for a Monte Carlo localization (MCL) [10]. However, a large
number of particles are required to initialize accurately, and
convergence takes a long time.

Frame-based methods extract geometrical features to rep-
resent a whole point cloud frame and identify revisited places
by finding frames with similar descriptors. Scan context [11]
creates a database of descriptors based on the height of
3D LiDAR points and effectively detects the loops in a
trajectory. OverlapNet [12] utilizes a deep neural network
exploiting different cues generated from LiDAR data, and
estimates the overlap rates and yaw angle between two
point clouds. OverlapTransformer [13] uses only LiDAR
data, and achieves loop closure candidates detection faster
than OverlapNet. BoW3D [14] built a dictionary of bag-of-
wards based on Link3D [15] features representing LiDAR
scan keypoints and achieved real-time performance in 6DoF
loop close. While frame-based methods require keyframes
of LiDAR scans that cover the entire map, 3D-BBS directly
uses 3D maps that have already been constructed.

B. Point Cloud Matching Using Branch-and-Bound Method

Several studies have used the BnB algorithm [16], [17]
to quickly estimate the accurate global pose. Because the
BnB algorithm is a full search algorithm, a pose with the
global best matching cost can be estimated more reliably
than with methods using Monte Carlo algorithms. Olsson et
al. [18] propose a BnB-based registration algorithm that finds
the global optima of the non-convex registration problems.
Go-ICP [19] combines the iterative closest point (ICP) [20]
with the BnB algorithm to find the globally optimal solution.
However, these methods require an initial pose estimate. Hess
et al. [4] develop BnB-based 2D scan matching by using
hierarchical occupancy grid map sizes. Although this method
enables accurate and fast global localization on 2D maps, the
processing time increases drastically for 3D maps.

III. METHODOLOGY
A. Problem Setting

Inspired by [4], we propose a global localization frame-
work, 3D-BBS, as shown in Fig. 1. The 3D global lo-
calization problem is defined as the task of finding the
6DOF sensor pose = = [z,y,z,a,3,7]T, where (z,y,z2)
represents the translation, and («, 3,7) denotes Euler angles
corresponding to roll, pitch, and yaw, respectively. Let T, be

the transformation matrix of . Given a 3D point cloud map
M = {m, € R3|,_; _n} and 3D LiDAR scan points
S = {s; € R¥)—1. Kk}, 3D-BBS estimates the sensor
pose x* on the map. We assume that the gravity direction
of S is roughly estimated, for example, by using an inertial
measurement unit (IMU), and perform scan matching in full
4DoF (XYZ translation and yaw angle) with a small roll and
pitch search range.

We review the outline of the 2D BBS technique in Sec. III-
B, and then extend it to 3D in Sec. III-C to III-E.

B. 2D Branch-and-Bound Scan Matching

Hess et al. [4] proposed branch-and-bound scan match-
ing (BBS) in the context of global localization for 2D SLAM
loop detection. Let M : R? — Z be an occupancy grid map
from a point on the grid into the occupancy value of the
nearest grid with cell size r. Given 2D LiDAR scan points
S = {sr € R?|,_1.. K}, the BBS estimates the global
solution of the 3DoF sensor pose x* as follows:

K
" = argmax ZM(Twsk), 1)
z€{rigliz EZ,WE <ripy<Wpr } b1

min — max

yE{riy|iy,€Z,WY <ri,<W}Y }

ee{Tig"L-QEZ,WE::;TZ-QSWE::}
where K is the number of the input LiDAR scan, T, is
the 3 DoF transformation matrix of pose hypothesis * =
[{L‘, Y, 6‘}—'—’ and (Wrﬁin7 W;ax)’ (Wr}lyinﬂ ngax)’ (W[?lin7 Wrﬁax)
are translational and rotational search ranges, respectively.

Branch-and-bound algorithm: The BnB algorithm,
which is a key component of BBS, uses a hierarchical tree
search to quickly find a solution that is equivalent to the
result of the full search. The tree structure and leaf nodes
represent the search space and feasible solutions to the prob-
lem, respectively. Nodes in an upper level represent a set of
child nodes (i.e., branching). At each non-leaf node, an upper
bound estimate of the scores of its children is calculated.
If the calculated upper bound is lower than the provisional
best score, we can prune that node with children nodes
without approximation (i.e., pruning). If a high provisional
best score is found earlier, the BnB algorithm can prune
many nodes, resulting in a large reduction of the computation
cost. Therefore, the order of the search is important to
maximize the performance of the BnB algorithm (i.e., search
strategy).

Branch-and-bound scan matching [4]: To solve the
problem of 2D global localization using the BnB algorithm,
the pose space within the search range is represented as a
tree structure. Let [ € Z,0 < [ < I be the hierarchy
level in the tree, where [, is the maximum level. The
tree is branched from large to small step sizes. The step
size at each level is determined based on the cell size r of
the occupancy grid map. 1) The translational step size is
r; = 2'r. 2) The rotational step size §(r) is common for
each level and selected such that a point in the maximum
scan range dp,x does not move more than r as follows:

r2
2d2

max

o(r) = arccos(1 —

) 2
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Each node of the tree is represented by c¢ =
(Caxycy,co,¢1) € Z*, where ¢, ¢, and cg are the discrete
parameters representing the sensor pose x., and ¢; is the
level of the node c.

The tree is branched from the maximum level .. An
initial set C;,, is created as the direct product set of the
translational and rotational initial sets:

Cuwe = Cit X CP X CLL X {lmax ) 3)
where the initial sets of each component are as follows:
2lmnx7’_ a Dlmax g
Wrrin = VV‘Z oty — | D] “)
Qlmas - max = | ol
= ||, =[],
Ch = {iz € Zlwg, < ix < Wit
Cr,, = iy € Zlwg, <iy < why}, (5)
CP.. = lio € Zlwpyy < ip < iy}

A non-leaf node c¢ branches into four children nodes as
follows:

CCz = {(203& +j172cy +jy7097cl - 1)|(]w7ju) € {0’ 1}}
(6)

At each branched node, the scan matching score is calculated
as follows:

K
score(c) = Z M(Ty, sk), @)
k=1
Te = [re,Cuy T Cy,s 5(r)ce] . (8)

To calculate the upper bound without effort to find the
maximum score of the children, Mémomp with a cell size
2'r is created at each level in advance. The upper bound can

be efficiently computed as follows:
K

m(c) = Z M[;:rlecomp(Tﬂ?csk)’ (9)
k=1
M;ﬁreoomp(xa y) = x'e[z,f—lﬁ"}({?—l)] M(xlv y/)'
y'Ely,y+r(2'-1)]
Algorithm 1 shows the outline of the 2D BBS algorithm.
All nodes in C;,, are initially saved to queue C in the
descending order of score(c). To quickly select a provi-
sional best score, the conventional method uses a depth-first
search (DFS), which first selects nodes at a lower level.
Moreover, best_score is initialized by the score threshold
score_threshold to ignore nodes that have poor matches.
Extending this algorithm to 3D introduces two challenges.
First, multi-resolution 3D voxel maps consume a significant
amount of memory. Second, the number of candidate pose
nodes grows exponentially as the dimension increases. To
overcome these problems, we propose the 3D-BBS algorithm
with sparse voxel maps, rotational branching, and batch
processing.

(10)

Algorithm 1 BBS [4]

1: best_score < score_threshold

2: while C is not empty do

3 Pop c from the queue C

4 if score(c) > best_score then

5 if c is a leaf node then

6: match < ¢

7: best_score < score(c)

8 else

9 Branch: Split ¢ into nodes Cc,

0 Compute and memorize a score for each element in Ccl

1 Push CCZ onto the queue C, sorted by depth level,
maximum score last.

12: return best_score and match when set.

10:
1

C. Multi-resolution Voxel Map

To reduce the memory consumption for a 3D multi-
resolution precomputed map, we introduce spatial hashing-
based sparse voxel maps. The voxel resolution at each level
is expressed as r; = 2'r, where r is the minimum voxel size.
We create an array of hash buckets per level, and store 3D
coordinate occupied voxels v = [vgﬁ,vy,vz]T € 73 v, =
lz/r],vy = ly/ri],v. = |2/r;] to the hash bucket. The
function H' : R3 — {0,1} is defined to search for the
bucket storing v and return its binary occupancy. To search
a hash bucket, we utilize a spatial hashing function hash(v)
that computes the index of the corresponding hash bucket as
follows:

hash(v) = f(v) mod Ty, (11)

where the function f(v) computes a hash value from a tuple
of integers [21], and 7T; is the size of hash buckets at /. In
hash buckets construction, we seek 7; until the hash collision
rate becomes small (e.g. 0.1%). To avoid hash collisions, we
implement the open addressing method; if a bucket is already
occupied by another voxel, we seek an empty bucket while
incrementing the bucket index.

For each resolution, the 3D voxel coordinates of all map
points in M are calculated and stored in hash buckets. For
upper bound calculation, the voxels V54 = {[v, — ju, vy —
Gy Vs — J2) |Gy Jys J=) € {0,1}} adjacent to all occupied
voxels are stored in hash buckets so that the upper bound
estimate of a parent node exceeds the scores of its children.

Let ¢ = (g, Cy, C2, Cay C, Cy, 1) € Z7 be a node with dis-
crete parameters representing the 6DoF sensor pose x.. We
compute the matching score of node ¢ that simultaneously
maintains the upper bound of scores in its children by using
the precomputed map as follows:

K
score(c) = score(c) = Z H (T, sk) - (12)
k=1

D. Branching Algorithm

Branching rule: In contrast to [8], which only performs
the branching of translational components, we perform both
translational and rotational branching. The rotational branch-
ing makes the rotational step size sparse and drastically
reduces the number of initial nodes. Fig. 2 illustrates the
proposed branching method. We have a translational search
range equal to the bounding box of M. In translational
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Fig. 2: Overview of the branching operation in the proposed

method. (a) Translational branching. (b) Roll and pitch angle
branching. (c) Yaw angle branching.

branching, a parent node branches into eight children nodes
with step size 7.,—1 (Fig. 2 (a)). The roll and pitch com-
ponents are searched within a small range (W[ffi’nﬁ ,Wlﬁ‘gf )
(Fig. 2 (b)). The yaw angle search range is (W, , Wila) =
(0,27) (Fig. 2 (c)). In rotational branching, we choose a
step size for each level such that it becomes smaller than
d(r) and divide the search range into segments of the same
size as follows:

Wmax - Wmin

VVmax 7VVmin '
o(r)

§'(ry) = (13)

The initial set C;,, contains combinations of all poses within
the search range at Iy Cy,,,, 18 initially saved to queue C in
descending order of score(c). Subsequently, a non-leaf node
¢ popped from C' is branched as follows:

CCz = {(20:70 +jw720y +jy7202 + Jz, aCa +ja7a,806 +jﬁ7
Uy Cy + Gy €0 = 1)|(Jzs Jys J=) € {0,1}, 4o € {0, ..., a0 — 1},
B € {(),...,Clg—l},j»Y € {0,...,&771}, (14)

where a,,ag and a, are the number of divisions for each
rotational component of a node:

8 (re;) , '
a = ’76’(7*6;1)—‘ (5 (7161,71) < (Wmax - Wmm))
1 (else).

15)

Note that by introducing angular branching, the upper bound
estimate in Eq. 12 becomes not strictly exact. However, as
shown in the experiments, we empirically confirmed that it
underestimates the upper bound in only 0.001 % of all cases.

Algorithm 2 Batched 3D-BBS

1: best_score < score_threshold
2: while C is not empty do

3 Pop c from the queue C

4 if score(c) < best_score then

5: continue

6: if c is a leaf node then

7 match < ¢

8 best_score + score(c)

9: else

10: Branch: Split ¢ into nodes Cc,

11: Add CCZ to Ccpu

12: if |Ccpy| > b then

13: Ccpu < Ccpu

14: Compute and memorize a score for each element in Cgpy
15: Ccpu + Copu

16: Push Ccpy onto the queue C, sorted by score
17: Clear the all elements of Ccpy.

18: return best_score and match when set.

Search strategy: Although we first remove nodes with
estimated upper bounds less than score_threshold from the
initial set, a large number of nodes remain in the queue.
This causes a delay in finding the best solution for DFS and
increases the processing time. Therefore, we employ BFS
and sort C' in descending order of score. Because BFS selects
a node with the best upper bound score, it tends to find
a solution quicker than DFS when the global best score is
close to the maximum score (i.e., when the LiDAR scan
has a large overlap with the map). However, in the middle
levels, BFS requires branching a large number of high-score
nodes because most of the input points overlap with inflated
voxels. To speed up the branching process, we implement
GPU-parallelized batch processing for the score calculation.

E. GPU-accelerated Batched Branch-and-Bound

We process the score calculations for multiple nodes
in parallel on a GPU. To reduce the overhead of CPU-
GPU data copy and synchronization, we implement batch
processing. The procedure of our batched 3D-BBS is shown
in Algorithm 2. The branched nodes are stored in the node
set Ccpy on the CPU memory. When the size of Ccpy exceeds
the batch size b (e.g., 10,000 nodes), Ccpy is transferred to
the node set Cgpy on the GPU memory as a single memory
block, and the scores of all nodes are calculated on the GPU.
Subsequently, all the computed scores are sent back to Ccpy.
Note that voxel maps H are copied to the GPU memory in
advance to avoid run-time overheads.

IV. EXPERIMENTS

We evaluated the localization accuracy and processing
time of the proposed method in simulated and real environ-
ments. To demonstrate the effectiveness of our algorithm,
we used all combinations of processing types (CPU single-
thread, CPU multi-thread (4 threads), and GPU), branching
components (translation-only, translation + rotation), and
search strategies (DFS and BFS) that resulted in nine con-
figurations, as shown in Table I. The combination of CPU
single-thread, translation-only branching, and DFS (configu-
ration (a)) corresponds to a naive 3D extension of [4], and
configuration (i) is our proposal. In the real environment, we
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TABLE I: BnB algorithm configurations

Configuration Processing Branching Search
type components srategy

(a) (ext. [4]) CPU single-thread Trans. DFS

(b) CPU multi-thread Trans. DES

(c) GPU Trans. DFS

(d) CPU single-thread Trans. BES

(e) CPU multi-thread Trans. BFS

) GPU Trans. BFS

(2) CPU single-thread ~ Trans. and rot. BFS

(h) CPU multi-thread  Trans. and rot. BFS

(i) (ours) GPU Trans. and rot. BFS

Fig. 3: Simulated environment.

compared the proposed configuration with the state-of-the-
art global registration methods TEASER++ [1], Quatro [2],
and FGR [3].

To evaluate the estimation result, we used two criteria: 1)
the translation error is smaller than 2.0 m, and 2) the rotation
error was smaller than 0.05 rad. If a result satisfies both the
translation and rotation criteria, we consider it sufficiently
accurate to be used as an initial estimate for local fine
registration [22] to obtain a fine estimation result.

We used the same parameters for 3D-BBS through all the
experiments. Considering the sizes of the experimental maps,
we set » = 1.0 m and [,,x = 6. Note that r and [,,,x should
be changed according to the required accuracy and size of
the map, respectively. To reduce the computational cost of
the score calculation, all LIDAR scans were downsampled
to approximately 1,000 points using a voxel grid filter. In
the GPU implementation, batch size b was empirically set
to 10,000. The score threshold was set to 95 % of the total
number of input points. The roll and pitch angle search range
was respectively set to (W7 Weal) = (=0.02,0.02) rad
to compensate for the gravity direction estimation errors.

We implemented the proposed algorithm in C++ and
CUDA. All processes were performed with Intel Core i7-
10700K 3.8Ghz 32GB and NVIDIA GeForce RTX2060.

A. Simulated Environment

Experimental data: To demonstrate the performance of
the proposed algorithm, we created LiDAR data and ground
truth sensor poses in a simulated environment, as shown in
Fig. 3. The 3D point cloud map data was captured in an
urban environment containing many buildings, as shown in
Fig. 4. The map size was 211.0 x 729.7 x 68.5 m?. The
total number of evaluation points was 295. We generated
LiDAR scan point clouds with sensor parameters of the
Velodyne VLP32C. We added random noise in the range of
[-0.01,0.01] rad to the roll and pitch components of the

Fig. 4: 3D point cloud map in the experiment with the
simulated environment. The map size is 211.0 x 729.7 x
68.5 m3. The total number of evaluation points represented
by red dots is 295.

1,000,000

100,000 %

10,000

=

1,000

S—

(a) (b) (c) (d) (e) (f) (9) (h)

Trans. I

Processing time [msec]

(i) (ours)

Trans. and rot. |

Branching
components

Search strategy DFS I BFS |

Fig. 5: Processing time of the configurations (a) - (i) in the
simulated environment.

LiDAR scan point clouds to imitate the gravity direction
estimation errors.

Results: Configurations (a) - (i) successfully estimated the
sensor poses with translation and rotation errors smaller than
the criterion threshold values for all evaluation points. Along
with the accuracy evaluation, we evaluated how often the
proposed rotational branching showed incorrect upper bound
estimates and how much the incorrect estimates exceeded the
true upper bound. We confirmed that the rotational branching
showed incorrect upper bound estimates for only 0.001% of
the cases, and the average error with respect to the true upper
bound was about 1.5%. These results show that rotational
branching introduces only a small approximation.

Fig. 5 shows the processing times of all configurations.
Configurations (d) - (f) with BFS were slightly faster than
configurations (a) - (c) with DFS. Because BFS first branches
the node with the highest provisional score, it can find the
global solution more quickly when the scan points have a
large overlap with the map (i.e., the score of the solution
is close to the maximum score). However, it was necessary
to calculate a large number of nodes across all levels. In
configurations (g) - (i), the combination of the rotational
branch and BFS contributed to a significant reduction in
processing time. Configuration (i) with batch processing
reduced the processing time by more than 50 % from the
configuration (g) with CPU single thread. Configurations
(g) and (h) with CPU processing also demonstrated fast
processing within less than 1 sec because a high best score
in the simulated environment allows for faster pruning.

B. Real Environment

Experimental data: We then compared the proposed
method with several other state-of-the-art methods in a real
environment. Fig. 6 shows the outdoor point cloud map used
in this experiment, containing buildings, parked vehicles, and
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Fig. 6: 3D point cloud map in the experiment with real
environment. The map size is 429.6 x 404.3 x 69.6 m>.
The total number of evaluation points represented by red
dots is 32.

TABLE II: Success rate and processing time

Method \ Trans.  Trans. and rot.  Processing time [msec]
TEASER++ [1] 16/32 11/32 45,573+14,462
Quatro [2] 18/32 18/32 42,047+14,038
FGR [3] 17/32 14/32 43,677+15,283
Conf. (i) (ours) | 32/32 32/32 878+1,128

street trees. The map size was 429.6 x 404.3 x 69.6 m?.
The total number of evaluation points was 32. We used the
Livox-Mid360 with a built-in IMU. We measured sensor data
on a different day from when the map data was acquired, and
thus the scan data had differences in parked vehicle positions
and vegetation from the map data. The LiDAR scan was
aligned in the direction of the average acceleration direction
measured using the IMU. To obtain the ground truth sensor
poses, we manually aligned each LiDAR scan with the map
point cloud using local registration [22].

Estimation accuracy: Table II summarizes the success
counts and processing times of the evaluated global localiza-
tion methods. The processing time was calculated only for
successful results. Global registration methods [1], [2], [3]
succeeded at most 18 locations out of 32. Because there
were many similar buildings in the map point cloud, these
methods struggled with similar point features, which resulted
in too many incorrect correspondences, and showed incorrect
estimation results far from the ground truth locations sev-
eral times. In contrast, the proposed 3D-BBS successfully
estimated the correct sensor locations for all evaluation data
even under environmental changes, e.g., vegetation and dy-
namic obstacles. Moreover, configurations (a) - (h) were also
successful at all evaluation points in the real environment,
similar to the simulation environment.

Processing time: Fig. 7 shows the processing times of
all configurations. We observe that the proposed configura-
tion (i) performed the fastest processing in the real outdoor
environment. Moreover, there was a large difference between
configurations (g) and (h) with the CPU and configuration

10,000,000 3
1,000,000
100,000

i
10,000 %I %I

1,000

Processing time [msec]

100

(a) (b) (c) (d) (e) [ (9) (h) (i) (ours)

Trans. I

components ‘ Trans. and rot. |

Search stra(egy‘ DFS H BFS ‘

Fig. 7: Processing time of the configurations (a) - (i) in the
real environment.

TABLE III: Processing breakdown [msec]

Process Procedure \ Average
Create voxel maps 9,272.2 + 49.8
Preprocessing  Set source point cloud 30.5 £ 0.7
Total | 9.302.7 & 49.7
Initial nodes calculation 2.7 £ 0.1
Find best score 1198 £ 1.4
Localization Pop remaining queue 509 £ 2.3
Total \ 1734 £+ 3.1

(i) with the GPU. This was because as the number of nodes
to be branched increased, the overhead of the GPU batch
processing got canceled, resulting in a large performance
gap between the CPU and GPU implementations. However,
unlike the simulated environment, the interquartile range
was large overall. The more outliers included in the LiDAR
scan, the more it affects the processing time. To further
improve 3D-BBS performance, it is necessary to consider
the inconsistency between the map and LiDAR scans.

Table III shows the breakdown of the processing time of
3D-BBS with the proposed configuration (i) at evaluation
point A, as shown in Fig. 6. The preprocessing, which needed
to be performed for the map only once, was completed within
10 sec, including the memory copy of the multi-resolution
voxel map from the CPU to the GPU. The set source point
includes the construction of a graph structure for an efficient
parallel score calculation. In the localization step, the number
of initial nodes was significantly reduced thanks to the
rotational branching, and the initial node calculation took
only 2.7 msec. Moreover, the branching operation accelerated
by the batch process allowed us to find the best score in 119.8
msec. The localization process was completed by popping
the remaining queue in 50.9 msec.

V. CONCLUSION

This paper proposed a 3D global localization approach
based on BnB algorithm. We used a sparse hash table to
overcome the memory increase in hierarchical 3D voxel
maps. Moreover, we proposed roto-translational branching
and batched processing to reduce the processing time. The
experimental results showed that 3D-BBS accurately esti-
mated the global pose and completed the localization process
in a second. In future work, we plan to extend the proposed
method to handle extreme cases (e.g., degenerated areas or
LiDAR scan occlusions).
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