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Accelerated Pattern-Coupled Sparse Bayesian
Learning for Automotive Occupancy Mapping

Frank Harraway , Peiyuan Zhai , Graduate Student Member, IEEE,
Geethu Joseph , Senior Member, IEEE, and Ashish Pandharipande , Senior Member, IEEE

Abstract—An occupancy grid map (OGM) is used in
automotive driving applications to model the vehicle sur-
roundings using data from sensors on vehicles like light
detection and ranging (LiDAR), radar, or their fusion. In state-
of-the-art work, pattern-coupled sparse Bayesian learning
(PCSBL) was used to estimate the OGM by leveraging
spatial dependencies in the map when either a single sen-
sor modality was used or when fusion of multiple sensor
modalities was employed. The PCSBL method, however, has
high computational complexity, making real-time implemen-
tation challenging for large-sized grid maps. To address
this limitation, we propose several methods to improve
the computational efficiency of PCSBL while maintaining
mapping accuracy. First, we utilize a precomputed lookup
table to accelerate selection matrix construction. Second,
we implement adaptive resolution reduction based on sen-
sor measurements, lowering problem dimensionality where
coarse resolution suffices. Third, we develop two novel meth-
ods that exploit the narrow angular interactions between
measurements and the map regions to enhance computa-
tional efficiency. The first method partitions measurements
into spatially disjoint submaps that enable parallel process-
ing. The second method exploits the angular structure to
impose a block structure on the selection matrix, reducing
the computational overhead of matrix operations. Experi-
ments on the nuScenes and RADIATE public datasets show
that the presented methods reduce runtime by at least an
order of magnitude compared with the benchmark PCSBL
and fusion-based PCSBL methods while preserving detection accuracy.

Index Terms— Adaptive resolution, light detection and ranging (LiDAR) point clouds, nuScenes dataset, occupancy
grid mapping (OGM), radar point clouds, RADIATE dataset, sparse Bayesian learning.

I. INTRODUCTION

AN OCCUPANCY grid map (OGM) is a discrete repre-
sentation of the environment around a vehicle, with each
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grid cell of the map containing occupancy values. An OGM is
built by processing data from sensors like light detection and
ranging (LiDAR) mounted on the ego vehicle and used to sup-
port perception tasks like free-space detection, object tracking,
and path planning in autonomous driving and advanced driver
assistance systems [1], [2], [3].

A widely used model-based approach in OGMs is the
inverse sensor model (ISM) [1], which assumes that each
cell in the occupancy map is independent and uses ray
casting principles to inform occupancy states. This indepen-
dence assumption enables fast processing, with ray casting
being the most computationally intensive component of the
algorithm. Various techniques have been developed to further
accelerate ray casting. Hierarchical structures like octrees
and kd-trees reduce the number of cells traversed during
computation [4], [5], [6], while approximate table-driven

1558-1748 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence
and similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.

See https://www.ieee.org/publications/rights/index.html for more information.Authorized licensed use limited to: TU Delft Library. Downloaded on January 19,2026 at 13:34:24 UTC from IEEE Xplore.  Restrictions apply. 

https://orcid.org/0009-0000-4585-1130
https://orcid.org/0000-0003-1692-8770
https://orcid.org/0000-0002-5289-5403
https://orcid.org/0000-0002-7920-3964


41802 IEEE SENSORS JOURNAL, VOL. 25, NO. 22, 15 NOVEMBER 2025

methods from localization applications provide constant-time
distance estimates at the expense of quantization error [7].
However, ISM’s independence assumption, while computa-
tionally efficient, suffers from conflicts caused by inconsis-
tent measurements and fails to exploit spatial structure in
OGMs.

An alternative approach employs kernel-based methods,
such as Gaussian process OGMs [8], which capture spatial
dependencies. Early implementations were computationally
intensive. Subsequent work in [9] addressed this by introduc-
ing test-data octrees, among other optimizations, to reduce
computational load. Test-data octrees differ from traditional
octrees (3-D) and quadtrees (2-D) used in OGMs for stor-
age compression [10], [11], [12], [13]—they dynamically
decrease resolution as a preprocessing step based on sensor
measurements, thereby reducing computational load. Build-
ing on these computational improvements, the Bayesian
generalized kernel (BGK) [14], [15] method further acceler-
ates Gaussian process OGMs by incorporating optimizations
from [9] and [16]. Despite these advances, Gaussian process
OGMs still do not effectively handle the inherent sparsity in
occupancy maps. A sparsity-aware OGM model was intro-
duced in [3], where pattern-coupled sparse Bayesian learning
(PCSBL) [17] was applied to estimate block-sparse occu-
pancy maps by exploiting spatial structure using a single
sensor modality. This work was extended to multimodal fusion
in [18]. While single-modality PCSBL for OGM outperforms
Gaussian process OGMs and ISM in accuracy, its high com-
putational complexity limits its application to large OGMs,
with the multimodal fusion version being even more com-
putationally expensive. Therefore, this work aims to reduce
the computational complexity of the PCSBL methods for
OGM.

Furthermore, deep learning models have also been investi-
gated in the literature. By leveraging large-scale autonomous
driving sensor datasets [19], [20], [21], deep learning models
can be trained to infer OGMs with classification or semantic
information through learnable networks. These networks can
be designed to use either single-modality [22], [23], [24], [25],
[26], [27], [28], [29], [30], [31], [32] or multimodal sensor
input. The computational complexity is then dependent on
the depth, layer sizes, and types of layers. However, they
typically require large annotated datasets, face challenges in
generalization, and often necessitate retraining when datasets
or sensor types change. Moreover, they frequently struggle
with generating occupancy maps of varying sizes and res-
olutions, estimating confidence in the maps, and handling
sensor unreliability. Some studies have partially addressed
these issues. For example, multiscale maps are generated using
coarse-to-fine query structures [33], [34], [35], though they
still require full-size feature computation. Thus, we focus
on model-based methods that do not need annotated data,
aiming to improve the computational efficiency of state-of-
the-art PCSBL.

In this work, we reduce the computational complexity of
PCSBL [3] for OGMs for LiDAR, radar, and the fusion
of both modalities [18]. Our main contributions are as
follows.

1) Acceleration Techniques: We present three acceleration
techniques for PCSBL:

a) Ray Lookup Table: We reduce the computation
required to construct the selection matrix. Using
K–d trees, precomputed ray traversals are accessed
using a nearest neighbor search, which are then
used to efficiently compute the sparse selection
matrix.

b) Test-Data Quadtrees: We extend the use of
test-data quadtrees from [9] to PCSBL. These
quadtrees provide a scene-dependent adaptive reso-
lution, reducing the number of unknowns that need
to be solved. To handle the resulting inconsistent
cell sizes, we modify PCSBL to ensure compati-
bility.

c) Measurement Model Exploitation: We leverage the
unique structure of the model, where each mea-
surement influences only a narrow angular map
region. We introduce two methods: the partition
and overlap (PO) method, which splits measure-
ments into submaps for parallel processing, and the
region-based cell permutation (CP) method, which
reorganizes the measurement matrix into a block
structure for faster computations.

2) Evaluation on Real-World Datasets: We evaluate our
acceleration techniques on the nuScenes and RADIATE
public datasets [20], [36] by comparing them with
benchmark PCSBL [3], [18], BGK [14], and ISM [37].
For single-modality PCSBL, run time is reduced from
12.9 to 0.47 s (27× speedup), while multimodal fusion
was accelerated from 14.6 to 0.7 s (21× speedup), with
no reduction in map accuracy.

This work extends our conference paper [38] in several
directions. We introduce two new acceleration techniques,
a ray lookup table that accelerates selection matrix construc-
tion and an adaptive quadtree resolution technique from [9] to
the PCSBL algorithm. We also extend the measurement model
exploitation techniques for PCSBL in [38] from LiDAR to
radar and multimodal fusion PCSBL [18]. To evaluate these
radar and fusion extensions, we expand our evaluation to
include the RADIATE dataset in addition to nuScenes. Finally,
we present more results for the radar and multimodal fusion
PCSBL techniques and present time complexity analysis for
varying occupancy grid resolutions.

II. PCSBL PRELIMINARIES AND COMPLEXITY ANALYSIS

This section introduces the state-of-the-art PCSBL
algorithm for OGM in [3], the extension to PCSBL fusion of
multiple modalities in [18], and the computational challenges
of the PCSBL methods.

A. Single-Modality OGM PCSBL
We consider the problem of occupancy grid mapping that

aims to estimate the occupancy state of a vehicle’s surrounding
environment from M LiDAR or radar sensor measurements
(reflection points). To this end, the environment is discretized
into a 2-D grid with N cells, each modeled as a binary random
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variable. The collection of all cell occupancies is represented
by the vector x ∈ {0, 1}N .

1) Sensor Measurement Model: PCSBL for OGMs adopts
a linear sensor measurement model in [3], where each mea-
surement contributes free-space and occupied information. For
LiDAR measurements, we trace a sensor ray to identify an
occupied cell at each reflection point and mark preceding cells
along the sensor ray as free. For radar measurements, due to
the increased sparsity of measurements, an angular sector up to
the reflection point is considered free, while cells within the
sector boundary are considered occupied. For both sensors,
these occupancy states are encoded in the selection matrix A
and measurement vector y. Each reflection point contributes
one row for occupied cells and one row for free cells in the
selection matrix, and a 1 for occupied and 0 for free cells in the
measurement vector. Despite these sensor-specific differences,
the reconstruction problem can be expressed in a unified linear
form for single-modality maps from M measurements

y = Ax + n (1)

where the measurements are encoded into the selection matrix
A ∈ {0, 1}2M×N and the measurement vector y ∈ {0, 1}2M .
The additive noise term n is modeled as Gaussian with n ∼
N (0, σ 2 I), where σ 2 is the unknown noise variance. PCSBL
aims to reconstruct the unknown map x from y and A.

2) Single-Modality PCSBL: The PCSBL algorithm for a
single modality (LiDAR or radar) imposes a two-layer hierar-
chical prior distribution on the unknown x. In the first layer,
x ∼ N (0, D−1) is modeled as a zero-mean Gaussian vector
with a diagonal precision matrix D. To exploit the block
structure, its nth diagonal element is

D [n, n] = α [n]+ β
∑

m∈Ln

α [m] (2)

where α[n] is the nth cell precision hyperparameter, β ∈ [0, 1]
is the coupling parameter, and Ln is the neighbor set of the
nth cell. When the precision α[n] of the nth cell is high, the
occupancy value x[n] is likely to be close to zero, indicating it
is a free cell. Since the precisions are coupled via β, they are
spatially correlated, encouraging adjacent cells to agree on the
occupancy state. The second layer assigns Gamma hyperpriors

α [n] ∼ Gamma (a, b) and σ−2
∼ Gamma (c, d) . (3)

To estimate x, the unknown hyperparameters α and σ 2 are
estimated iteratively through the expectation–maximization
algorithm [3], [17]. In the t th iteration, given the current
hyperparameters α(t) and (σ−2)(t), the expectation (E) step
computes the posterior mean µ̂ and covariance 8̂ of x as

8̂ =

((
σ−2

)(t)
A⊤A+ D

)−1

, and µ̂

=

(
σ−2

)(t)
8̂ A⊤ y (4)

where D is computed via (2) with α = α(t). Then, the max-
imization (M) step updates the hyperparameters to maximize
the model likelihood given the measurements

α(t+1) [n] =
a

0.5 v̂(t) [n]+ β
∑

m∈Ln
v̂(t) [m]+ b

(5)

(
σ 2

)(t+1)

=
1

M + 2c

(∥∥∥ y − Aµ̂(t)
∥∥∥2

2

+

(
σ−2

)(t) ∑
n

8̂(t) [n, n] D [n, n]+ 2d

)
(6)

where v̂(t)
[m] = 8̂[m, m] + µ̂2

[m]. Iterations continue until
convergence; the final map binary OGM x̂ is obtained by
thresholding the real-valued vector µ̂.

Algorithm 1 Single-Modality PCSBL
Input: Selection matrix A, measurement vector y
Parameters: coupling β, Gamma parameters a, b, c, d >

0
threshold τ , max iterations T

Output: Binary occupancy map x̂
1: Initialization: t ← 0, α(0)

← 1, (σ 2)(0)
← 0.5

2: Precompute A⊤A and A⊤ y
3: repeat
4: Update µ̂

(t) and 8̂
(t)

via (4) ▷ E-step
5: Compute D(t) via (2) with α = α(t)

6: Update α(t+1), (σ 2)(t+1) via (5) and (6) ▷ M-step
7: t ← t + 1
8: until convergence or t > T
9: Compute x̂ by thresholding using τ

B. Fusion OGM PCSBL
Building on the single-modality PCSBL framework, this

section describes the fusion of LiDAR and radar measure-
ments using PCSBL-based common sparse (CS) and common
innovative sparse (CIS) approaches [18].

1) Fusion Measurement Model: PCSBL-based fusion
approaches, CS, and CIS rely on two separate measurement
models. Let the measurement matrix and vector are denoted
by AL ∈ {0, 1}2ML×N and yL ∈ {0, 1}2ML for LiDAR, and
AR ∈ {0, 1}2MR×N and yR ∈ {0, 1}2MR for radar, where ML
and MR are the number of LiDAR and radar measurements,
respectively.

The CS model assumes the LiDAR xL and radar maps
xR correspond to the same map x, leading to a model that
concatenates the LiDAR and radar measurements. With x =
xL = xR in (1), we arrive at

y =
[

yL
yR

]
=

[
AL
AR

]
x +

[
nL
nR

]
= ACSx + nCS (7)

where nL and nR are LiDAR and radar noise with vari-
ances σ 2

L and σ 2
R, respectively. In contrast, the CIS model

accounts for unreliable sensors or misalignment between
the sensors that could lead to significant inconsisten-
cies between xL and xR. Therefore, CIS introduces error
variables

xL = xc + x1L, and xR = xc + x1R

where xc is the common part of the signal, and x1L and
x1R are the error collectors for LiDAR and radar, respectively.
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From (1), the CIS measurement model is then formulated as

y =
[

yL
yR

]
=

[
AL AL 0
AR 0 AR

]  xc
x1L
x1R

+ [
nL
nR

]
= ACISxCIS + nCIS (8)

where ACIS ∈ R2(ML+MR)×3N and xCIS ∈ R3N . Only xc
is used to estimate the OGM, and the error collectors are
discarded.

2) Fusion PCSBL: The fusion methods [18] extend on
the [3] method using the measurement models in (7) and (8).

The CS model in (8) allows us to directly apply
the PC-SBL algorithm. From the measurement model,
we have

p( y | x;α, σ 2
L, σ 2

R) = N (ACSx, C)

where the corresponding noise covariance is

C =
[
σ 2

L I2ML 0
0 σ 2

R I2MR

]
.

Then, the posterior mean and covariance of the Gaussian
p(x| y;α, (σ 2

L), (σ 2
R)) during the E-step is calculated as

µ̂CS = 8̂CS

(
σ−2

L A⊤L + σ−2
R A⊤R

)
y,

8̂CS =
(
σ−2

L A⊤L AL + σ−2
R A⊤R AR + D

)−1
. (9)

During the M-step, the noise variances for each modality are
updated as

(
σ 2

L

)(t+1)

=

2d +
∥∥∥ yL − ALµ̂

(t)
CS

∥∥∥2

2
+ tr

(
A⊤L AL8

(t)
CS

)
2c + 2ML(

σ 2
R

)(t+1)

=

2d +
∥∥∥ yR − ARµ̂

(t)
CS

∥∥∥2

2
+ tr

(
A⊤R AR8̂

(t)
CS

)
2c + 2MR

(10)

and αCS is updated as in single-modality PCSBL in (5).
Similarly, CIS also uses the PCSBL framework with the

common component xc following a Gaussian prior with a
coupled precision. However, the LiDAR and radar error com-
ponents x1L and x1R are assumed to follow independent
zero-mean Gaussian priors. So, xCIS ∼ N (0, D−1

CIS) where
the precision matrix is given by

DCIS [n, n]

=


αc

[
n′

]
+ β

∑
m∈Ln′

αc [m] , if n′ ≤ N

α1L
[
n′ − N

]
, if N < n′ ≤ 2N

α1R
[
n′ − 2N

]
, if 2N < n′ ≤ 3N .

The entries of the precision vectors αc, α1L and α1R follow
the Gamma prior in (3), with shape parameter a as ac, aL, and
aR, respectively. Then, the posterior mean and covariance of
xCIS in the E-step are calculated as

µ̂CIS = 8̂CIS A⊤CISC−1 y,

8̂CIS =
(

A⊤CISC−1 ACIS + DCIS

)−1
. (11)

TABLE I
ORDER OF COMPLEXITY COMPARISON

The M-step update is given by(
σ 2

L

)(t+1)

=
1

2c + 2ML

(
2d +

∥∥∥ yL − AL

(
µ̂

(t)
c + µ̂

(t)
1L

)∥∥∥2

2

+tr
(

AT
CIS ACIS8̂

(t)
CIS

))
(
σ 2

R

)(t+1)

=
1

2c + 2MR

(
2d +

∥∥∥ yR − AR

(
µ̂

(t)
c + µ̂

(t)
1R

)∥∥∥2

2

+tr
(

AT
CIS ACIS8̂

(t)
CIS

))
.

and αc is updated via (5) as in single-modality PCSBL, while
the remaining α1L and α1R are updated using (5) with β = 0.
For more details on CIS and CS derivations, refer to [18].

C. PCSBL Complexity Considerations
Having introduced the PCSBL algorithm, we next present a

complexity analysis for both single and multimodal PCSBL.
1) Single-Modality PCSBL: The main computational chal-

lenge in single-modality PCSBL arises from the matrix
inversion in the E-step given by (4). The precomputation A⊤A
requires O(M N 2) complexity, while the matrix inversion step
has O(N 3) complexity. Since the number of EM iterations
repeats the E-step T times, the O(N 3) matrix inversion com-
plexity is further magnified, making PCSBL computationally
expensive for large-scale problems. Additional costs include
constructing the selection matrix at O(M N ) and computing
ray intersections at O(L M), where L is the average number
of cells intersected per ray.

2) Fusion PCSBL: The CS fusion method retains the same
structure and computational characteristics as the single-
modality PCSBL. However, it adds overhead from the separate
computation of A⊤L AL and A⊤R AR, as well as from the
additional noise update in (10). CIS fusion includes this same
overhead and further increases the cost due to a three-times
larger selection matrix used for the error collectors. This
impacts both the E-step in (11) and the noise update.

The overall computational complexities, along with those
of single-modality ISM [1] and BGK [14], are summarized in
Table I. As evident from Table I, PCSBL is the most compu-
tationally demanding algorithm among model-based mapping
methods, despite its superior map accuracy. Therefore, our
goal is to optimize the matrix computations in both single-
and multimodal PCSBL, enabling fast and scalable occupancy
mapping by leveraging the inherent structure of the measure-
ment model, without compromising accuracy.

III. PCSBL COMPUTATIONAL REDUCTION TECHNIQUES

We first discuss the strategies to improve the computa-
tional efficiency of single-modality PCSBL-based mapping
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Fig. 1. (a) Precomputed rays sampled at uniformly spaced endpoints,
with a spatial tree used to find the closest precomputed point for each
measurement. (b) Comparison between the precomputed ray (black
line) and the true ray (green line) from the ego center (red dot): red
cells highlight incorrectly identified free cells.

algorithms. These strategies operate in two stages. In the
first stage, we speed up selection matrix construction using
a precomputed ray lookup table combined with compressed
sparse row matrices, while reducing signal dimension through
extended test-data quadtrees. The second stage applies PCSBL
to the reduced model using two acceleration strategies: PO,
which parallelizes submap processing, and CP, which permutes
measurement matrix columns to exploit spatial structure. Then,
we extend these ideas to fusion PCSBL in Section II-B.

A. Ray Lookup Selection Matrix Construction
Building A ∈ {0, 1}2M×N is computationally expensive

due to the online ray intersection calculations. To tackle this,
we perform the computations offline using a lookup table.
Specifically, we generate U reflection points in each of the N
grid cells and precompute the ray intersections from the sensor
origin to these U N points according to the LiDAR and radar
models in (1). The results are stored in a lookup table for these
points using a kd-tree [39] for faster access. Then, to construct
the measurement matrix A for a given set of reflection points,
each reflection point queries its nearest neighbor among the
U N precomputed points and retrieves its associated precom-
puted ray in the lookup table, as illustrated in Fig. 1(a). This
is an approximation; Fig. 1(b) shows that it may introduce
quantization error where free cells can be identified incorrectly,
but the hit cells will always be identified correctly.

This method reduces the computational complexity required
to obtain the rays from O(L M) to O(M log(U N )) with
memory complexity of O(U N L) where L is the average
number of cells intersected by the rays to the precomputed
points. For example, an occupancy grid with N = 16384 cells
and U = 25 points per cell requires only 150 MB of memory
to store all the necessary intersections.

Furthermore, using measurements to access the precom-
puted rays, the selection matrix for LiDAR and radar can
then be constructed using the compressed sparse row format,
reducing the complexity from O(M N ) to O(∥A∥0), where
∥A∥0 refers to the number of nonzero elements in A.

B. Test-Data Quadtrees
The complexity of the PCSBL-based mapping algorithm

is further reduced using the adaptive resolution technique

Fig. 2. Adaptive grid resolution using quadtrees refines the grid
based on measurements. In (a), cells with measurements (crosses) are
occupied (green) and cells along the rays are free (red). Homogeneous
higher level nodes (blue grids) in (a) are merged into larger cells,
creating the structure in (b).

Fig. 3. Indexed pruned quadtree following row-major indexing in (a),
with varying pattern coupling structures of cells neighboring selected
cells (gray cells) in (b).

of test-data quadtrees [9]. The key idea is to coarsen the
representation in areas that are consistently free, based on
sensor measurements. First, we query the precomputed ray
lookup table to retrieve occupied and free cells along each ray
path. Then, we populate the quadtree with occupancy states
as shown in Fig. 2(a). Finally, any node whose child cells are
all free is pruned, effectively merging multiple free cells into
a single larger cell, as demonstrated in Fig. 2(b). This results
in variable-sized cells: fine resolution is retained in occupied
regions, and larger cells represent free regions. It reduces the
effective number of unknowns N in the map vector, improving
the algorithm complexity.

With varying resolution of the grid cells, standard row
indexing is no longer applicable; however, row-major ordering
is maintained for vectorizing the 2-D map to a map vector.

The indexing structure changes to Fig. 3(a). In addition, this
technique alters the neighbors of each cell. Thus, the coupling
pattern based on the direct neighbors Ln for the nth cell needs
to be modified as illustrated in Fig. 3(b). Furthermore, it is
observed that pruned cells are more likely to be free cells.
Larger cells at higher pruning levels have more neighbors,
which can disproportionately influence free-space information.
Thus, only one level of pruning is recommended.

C. PCSBL Matrix Computation Acceleration Techniques
With a fast measurement matrix construction and fewer

unknowns, we next apply PCSBL. To speed up matrix oper-
ations, we introduce two strategies: PO and CP by exploiting
the structure in the measurement matrix A.
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Fig. 4. Partitioning LiDAR measurements into K = 4 regions. (a)
Nonoverlapping partition. (b) Overlapping partition (overlap in purple).

1) Partition and Overlap: In the measurement model, each
LiDAR measurement affects only the grid cells along its sensor
ray within a narrow angular sector. One approach is to partition
the measurements into K discrete angular regions, as shown
in Fig. 4(a) for K = 4. Then, the PCSBL algorithm can be
applied to each region, recovering an N/K -sized map from
M/K LiDAR measurements on average, resulting in the total
complexity of O(T N 3/K 2

+ M N 2/K ).
By computing K independent maps, the pattern coupling

across the region boundaries is lost. To alleviate this, mea-
surements can be partitioned with overlaps, as illustrated in
Fig. 4(b). Given the mean µ̂k and covariance 8̂k for each
region k, the maps are combined via Bayesian fusion, i.e.,

µ̂merged [n] =

∑
r∈Rn

µ̂r [n]
8̂[n,n]∑

r∈Rn
1

8̂r [n,n]

where Rn denotes the set of regions that overlap at the
nth cell. The resulting merged mean map µ̂merged is then
thresholded to yield the final binary occupancy estimate x̂.
Overlapping regions require repeated occupancy estimation for
shared cells, increasing computational complexity compared
with nonoverlapping partitioning.

2) Region-Based CP: In the benchmark PCSBL [3], the
measurement model operates on row-indexed grids [see
Fig. 5(a)]. As shown in Fig. 5(a), LiDAR rays from distinct
angular sectors (e.g., top versus bottom) intersect mutually
disjoint sets of cells. Consequently, the selection matrix is
structurally split in the middle [dotted line in Fig. 5(d)]; map
cell indices are equivalent to selection matrix column indices.
Exploiting this property further, the row-based indexing can be
permuted to a K -region-based indexing, where each region is
defined by an angular sector around the ego center. For K = 4,
the reindexing shown in Fig. 5(b) produces a four-block struc-
ture in A [see Fig. 5(e)], with nonzero entries of the selection
matrix perfectly within each block. Consequently, it A⊤A
is block-diagonal. The computational complexity is reduced
through block matrix operations in several areas: precomputa-
tion of A⊤ y and A⊤A, efficient residual computation for the
noise variance update in (6), and most significantly, optimized
matrix inversion for posterior covariance and multiplication
operations in the mean expectation steps in (4). This achieves
the same complexity reduction described in Section II-C.1.

Furthermore, for K > 4 in the LiDAR measurement model,
the region boundaries can pass through grids, and the LiDAR

Fig. 5. Grid indexing and selection matrices. Different regional indexing
approaches with the ego center (red dot), the reflection point (green
dot), LiDAR rays (black line), and radar beam (red) (top). Associated
selection matrices where red blocks indicate numbered regions and blue
and white boxes represent nonzero and zero matrix values, respectively,
(bottom). (a) Indexing: K. (b) Indexing : K. (c) Indexing: K. (d) A. (e) A.
(f) A.

Fig. 6. Splitting measurements spanning multiple regions: the original
matrix A1 (left) contains a row with overlapping elements (red), which is
split at region boundaries and reassigned to form the block-structured
matrix A2 (right), adding extra rows (highlighted below the dotted line).

ray may intersect cells belonging to multiple regions. For
example, the LiDAR ray in Fig. 5(c) results in a A matrix like
in Fig. 5(f) where certain rows have nonzero entries spanning
multiple regions. In the case of the radar measurement model,
the beamwidth can cause a single beam to intersect multiple
regions, as shown in Fig. 5(b). This breaks the block structure
and hinders the use of block matrix operations. This can be
dealt with by discarding the elements outside the blocks to
retain the block structure. Alternatively, we split rows spanning
multiple regions to enforce the block structure so that no
information is discarded. Fig. 6 shows an example where a
row with support falling in two regions is split into two rows.

To summarize, the computational savings from our three
accelerations techniques for PCSBL as follows: 1) approxi-
mate raycasting with U representaive reflection points reduces
complexity for sparse selection matrix construction from
O(M N+L M) toO(∥A∥0+M log(U N )); 2) quadtrees reduces
N ; and 3) both PO and CP with K regions lower complexity
from O(T N 3

+M N 2) to O(T N 3/K 2
+M N 2/K ). PO requires

overlap fusion that effectively increases problem size, while
CP maintains full coupling across K regions without fusion
overhead.

D. Extension of Fusion PCSBL Algorithms
The fast measurement matrix construction with adaptive

model dimension reduction from Sections III-A and III-B
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applies directly to CS and CIS fusion methods. Similarly, the
PO strategy extends easily to multimodal fusion, while CP
requires additional considerations, as explained below.

CS fusion retains the same selection matrix structure as
in (7), where columns correspond to cells of a single occu-
pancy map, enabling the same region-based CP. The permuted
CS selection matrix creates a block diagonal A⊤CS ACS, and the
residual and trace calculations in (10) exploit identical struc-
tures as single-modality PCSBL-CP. Structurally, applying CP
to CS fusion mirrors the single-modality case, utilizing the
same block structures in (9) for block inversions and other
matrix operations.

For CIS, this approach does not directly apply due to
the altered measurement model in (8). With the addition
of the error variables, the columns no longer correspond
to the cells of a single occupancy map. To restore a
block-diagonal structure in A⊤CIS ACIS, we permute xCIS so
that the triplets

(
xc[i], x1L[i], x1R[i]

)
appear consecutively

for i = 1, . . . , N . The permuted vector is given by[
xc [1] x1L [1] x1R [1] . . . xc [N ] x1L [N ] x1R [N ]

]
which enforces block-diagonality in A⊤CIS ACIS by eliminating
cross-terms between different columns belonging to sepa-
rate regions. While the CP method reduces complexity from
O(N 3

+ N 2(ML + MR)) to O(N 3/K 2
+ N 2(ML + MR)/K )

for both CS and CIS approaches, CIS requires a selection
matrix with three times more columns than CS due to the
error collectors.

IV. PERFORMANCE EVALUATION

We evaluate the algorithms using the publicly available
nuScenes [20] and RADIATE datasets [36].

A. Experimental Setting
The evaluation metrics are 1) runtime; 2) intersection over

bounding box (IoBB) to measure the overlap between the esti-
mated and ground truth obstacles; 3) free-space error (defined
as the ratio of false positives in ground truth unoccupied
areas); and 4) angular scan normalized mean squared error
(AS-NMSE) from [3] that serves as a drivable area metric.

We evaluate the performance of the following accelerated
PCSBL variants: 1) CP without quadtree acceleration; 2)
PO with two-cell overlap without quadtree acceleration; and
3) quadtree-accelerated CP (QCP), as CP outperforms PO.
All our PCSBL variants employ approximate ray lookup for
selection matrix construction using U = 25, and use K =
16 regions for PO and CP accelerations.

The benchmark methods are BGK [14], ISM [37], and
baseline PCSBL [3]. Benchmark methods from [3], [14],
[18], and [37] use exact ray casting. PCSBL parameters are
initialized according to specifications in [3] and [18].

We evaluate our methods across two datasets with differ-
ent modality focuses. For nuScenes, we test single-modality
methods on LiDAR data, comparing CP, PO, and QCP. For
RADIATE, we evaluate both radar-only methods, PCSBL, CP,
QCP, and fusion-based methods combining LiDAR and radar.
The fusion-based methods include CS and CIS [18] along with

Fig. 7. Occupancy mapping comparison on Scene 204 Frame 0 from
nuScenes. (c)–(h) show the ego vehicle (dark red), ground truth boxes
(pink), estimated occupancy (black), and road mask (pale blue). The
vehicle front faces right. (a) Ego vehicle cameras. (b) LiDAR scan. (c)
PCSBL. (d) PO. (e) QCP. (f) BGK. (g) ISM.

their CP and QCP accelerated variants (CP-CS, QCP-CS, and
CP-CIS). We omit the evaluation results for single-modality
LiDAR data on RADIATE, as it employs the same LiDAR
sensor type as nuScenes and leads to repetitive results. Mean-
while, we omit radar evaluation on nuScenes due to the known
issue of excessively sparse radar point clouds that often contain
no points in some of the surrounding objects [3], [40].

B. Comparison on nuScenes Dataset
Fig. 7 and Table II show evaluations on Scene 204 from

nuScenes, with M = 6231 LiDAR measurements and a map of
N = 2926 cells. The nuScenes dataset provides road topology
information, allowing efficient map construction only in the
area of interest; thus, the number of cells in a given scene is
dependent on the unique road geometry.

Quantitative results from Table II show that the PCSBL
variants run up to 20 times faster than the benchmark PCSBL
and achieve the same detection rate while incurring only a
marginal increase in free-space error and AS-NMSE. Although
BGK and ISM have good IoBB and runtimes, they suffer
from poor free-space error and lower AS-NMSE because
of inaccurate edge detection. PCSBL outperforms BGK and
ISM on all metrics, despite lower IoBB for large objects
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TABLE II
RESULTS OF MODEL COMPARISON ON NUSCENES LIDAR

SCENE 204 FRAME 0

Fig. 8. Object detection rate and AS-NMSE in the ground truth maps
over 200 scenes from nuScenes using LiDAR data.

TABLE III
MEAN RUNTIME OVER 200 LIDAR NUSCENES SAMPLES

(e.g., targets 4, 6, 11, and 13). The higher IoBB values of
BGK and ISM for large objects come at the expense of
increased false alarms and failure to detect many pedestrians.
PCSBL and its variants are significantly better at pedestrian
detection. Meanwhile, BGK misses one pedestrian (target 0),
and ISM misses two (target 0 and 3). Finally, the CP method
is significantly closer to BGK and ISM in terms of runtime
than the benchmark PCSBL.

Furthermore, Fig. 8 and Table III show the statistical perfor-
mance of the methods averaged over 200 random scenes from
nuScenes. Fig. 8 shows that the proposed PCSBL variants
achieve similar performance compared with the benchmark
PCSBL. It also shows that the BGK and ISM have higher
AS-NMSE and lower detection rate compared with the PCSBL
and its variants, which is similar to the observations in Scene
204. The results in Table III show that across the three
PCSBL algorithms, the proposed methods perform similar
to benchmark PCSBL while reducing runtime complexity by
more than an order of magnitude.

C. Comparison on RADIATE Dataset
We evaluate single-modal and multimodal PCSBL, present-

ing single-scene results, statistical results over 40 samples, and
time complexity as a function of the number of cells.

Fig. 9. Occupancy mapping comparison on RADIATE City-3-0, frame
275. Benchmark PCSBL, CS, and CIS are shown alongside their accel-
erated variants. Ground truth boxes are pink boxes or green outlines. (a)
LiDAR. (b) Front camera. (c) Radar. (d) PCSBL radar. (e) QCP radar. (f)
CS. (g) QCP-CS. (h) CIS. (i) CP-CIS.

LiDAR and radar modalities from city scene 3-0 are used
to compare the accelerated CS and CIS to the benchmark
versions in Fig. 9. The scene consists and ML = 5702 LiDAR
and MR = 1245 radar measurements. Visually, minimal differ-
ences are observed, similar to the nuScenes results. The similar
performance is confirmed by the AS-NMSE AND free-space
errors in Table IV, and most IoBB values remain the same
or very close across PCSBL fusion variants. The acceleration
methods on CS fusion decreased the runtime by more than
10 times with CP and 22 times with QCP. Benchmark CIS
runs approximately 10 times faster with CP, but is still very
slow at 23 s.

Furthermore, Fig. 10 and Table V show the statistical
performance of the multimodal and radar PCSBL methods
averaged over 40 scenes from RADIATE. It is clear that
the accelerations perform closely to the benchmark fusion
methods in Fig. 10, in both detection rate and ANMSE.

Fig. 11 analyzes time complexity across varying the number
of cells N . Run time performance is evaluated on frame 275
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TABLE IV
RESULTS OF RADIATE SCENE CITY-3-0 FRAME 275 FOR

SINGLE-MODALITY RADAR AND LIDAR-RADAR FUSION

Fig. 10. Object detection rate and AS-NMSE in the ground truth maps
over 40 RADIATE samples.

TABLE V
MEAN RUNTIME OVER 40 RADIATE SAMPLES

Fig. 11. Time complexity comparison using single-modality LiDAR
measurements from RADIATE City-3-0 frame 275 for varying the map
size N.

(city-3-0, RADIATE dataset) using LiDAR within a 20 × 20 m
ego vehicle grid, with N varied by adjusting cell size (map
resolution). The accelerated methods demonstrate superior
performance compared with BGK and ISM when estimating
occupancy for relatively small numbers of cells N . However,

as N increases, the QCP and CP methods scale less favorably.
The CP and PO methods exhibit better scaling behavior
with increasing N due to their O(N 3/K 2) complexity versus
O(N 3) for benchmark PCSBL. While both accelerated meth-
ods significantly outperform PCSBL, PO operates more slowly
than CP due to additional occupancy calculations and separate
selection matrix overhead. To avoid clutter, fusion methods are
not shown in this figure. However, our experiments show that
accelerated CIS performed comparably to benchmark single-
modality PCSBL, while accelerated CS more closely matched
accelerated single-modality variants.

V. CONCLUSION

We introduced an approximate raycasting with a sparse
matrix construction method to speed up the selection matrix
construction, extended test-data quadtrees to PCSBL to
accommodate variable map resolution, and presented two
computationally efficient PCSBL techniques (PO and CP) that
exploit the selection matrix for OGM reconstruction. These
accelerations were further extended to the multimodal setting
to achieve similar computational savings. Evaluations on the
nuScenes and RADIATE datasets showed that these methods
maintain the detection accuracy of the benchmark single
modality and fusion PCSBL methods, but with significantly
lower runtimes. Among the scalable variants, CP is more
efficient than PO, which requires additional occupancy cal-
culations. Accelerated single-modality PCSBL and CS fusion
achieve subsecond performance at practical grid resolutions,
while CIS fusion needs some improvement for real-time oper-
ation. Future work could adopt mapping based on polar grids
and implement the algorithms in more efficient languages,
such as C or C++, and implement PCSBL for OGM in real
time.
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