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Abstract— While recent trends in continuous volumetric
mapping heavily favor GPU-intensive neural representations,
this computational reliance often limits their deployment on
resource-constrained robotic platforms. To address this, we
present two efficient, CPU-optimized mapping paradigms based
on deterministic geometric formulations. First, we detail a
Directional Bitmask-based Truncated Signed Distance Field
(DB-TSDF) that utilizes precomputed kernels for fast, O(1)
discrete spatial integration. Second, we present a Gaussian
Euclidean Distance Field (G-EDF), a block-sparse Gaussian
Mixture Model that explicitly regresses the distance field to
provide a C1 continuous, analytically differentiable represen-
tation. Finally, we discuss our ongoing research to unify these
distinct approaches into a highly asynchronous SLAM backend,
where the discrete DB-TSDF method is leveraged to rapidly
bootstrap the continuous G-EDF blocks. Ultimately, this work
highlights how analytically grounded geometric models offer
a scalable and computationally efficient alternative to data-
intensive neural approaches for autonomous navigation.

I. INTRODUCTION

Volumetric mapping remains a fundamental prerequisite
for autonomous navigation, providing the spatial context
required for collision avoidance and motion planning under
real-time constraints [1], [2]. Traditional CPU-based plat-
forms frequently rely on discrete structures such as point
clouds or occupancy grids due to their simplified data man-
agement [3]. However, these representations are susceptible
to aliasing and discretization artifacts at high resolutions
[4]. To mitigate these issues, Truncated Signed Distance
Fields (TSDFs) have been widely adopted to provide smooth
proximity information [1], [2], [5]. Despite their benefits,
many state-of-the-art TSDF pipelines exhibit computational
costs on the CPU that scale unfavorably with resolution or
rely heavily on GPU acceleration [6], [7].

In this context, we previously introduced DB-TSDF, a
discrete mapping framework optimized for high-resolution
CPU execution [8]. By employing a directional bitmask-
based integration scheme, each voxel encodes a compact 32-
bit distance mask and a hit counter updated via bitwise AND
operations [9]. This geometric structure utilizes precomputed
directional kernels to model the anisotropic footprint of
LiDAR return. Crucially, the system achieves a constant per-
scan computational cost that is independent of the global grid
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Fig. 1: Visual comparison of the proposed mapping methods.
Top: Full-scale G-EDF reconstruction of the 900 × 610 ×
120 m Snail dataset, demonstrating scalability in unbounded
outdoor environments. Bottom: detail of the reconstructed
scene from the Newer College dataset using DB-TSDF.

dimensions, ensuring real-time performance through integer-
only parallelization.

Parallel to these discrete advancements, the need for C1

continuity and smooth gradients for robust localization has
driven research toward continuous field representations [4].
While neural approaches like Implicit Neural Representa-
tions (INRs) [10], [7] offer resolution-independent queries,
their reliance on intensive GPU inference limits their de-
ployment on resource-constrained robots. To address this,
we developed G-EDF [11], a continuous 3D distance field
based on a Block-Sparse Gaussian Mixture Model [12], [13].
Unlike probabilistic occupancy frameworks [3], [14], G-EDF
utilizes anisotropic Gaussians as universal geometric function
approximators to explicitly regress the Euclidean Distance
Field (EDF) [13], [15]. This mathematical structure provides
closed-form analytical gradients that empirically satisfy the
Eikonal equation, enabling robust gradient-based localization
on the CPU without the artifacts of trilinear interpolation.

Currently, we are working on a unified system that inte-
grates these two distinct geometric paradigms into a high-



Fig. 2: Examples of the hemispherical shadow region (red)
inside the 21 × 21 × 21 voxel kernel for different ray
directions (green arrows). The mask consistently aligns with
the incoming LiDAR beam while preserving an exclusion
pattern around the contact voxel.

efficiency CPU-SLAM framework. By leveraging a simpli-
fied version of DB-TSDF as a rapid spatial method, the sys-
tem can generate a discrete occupancy grid to bootstrap the
initialization of the continuous G-EDF blocks. This unified
strategy enables a non-linear optimization process to focus on
structural refinement rather than global topological discovery,
achieving near real-time training of the Gaussian kernels.
This evolution demonstrates that efficiency in robotics can
be achieved by prioritizing geometric and mathematical rigor
over data-intensive neural models, providing a deterministic
and interpretable representation for large-scale environmental
modeling.

II. METHODOLOGY OVERVIEW

This framework prioritizes explicit geometric represen-
tations over data-intensive neural models, enabling highly
efficient, deterministic, and real-time execution entirely on
the CPU. The proposed architecture bridges the gap between
high-speed discrete mapping and mathematically continuous
fields. It first employs a discrete directional grid to instantly
capture the environmental topology, which then serves as
the exact geometric foundation to bootstrap a continuous,
analytically differentiable Gaussian field.

A. Truncated Signed Distance Field: DB-TSDF

To handle unstructured LiDAR data efficiently with-
out GPU acceleration, the system relies on a Directional
Bitmask-based Truncated Signed Distance Field (DB-TSDF).
This discrete grid maintains an extremely low memory
footprint of just 8 bytes per voxel by encapsulating a 32-bit
distance mask, an 8-bit hit counter, and an 8-bit occupancy
sign flag. The open-source implementation of this discrete
mapping framework is publicly available at GitHub1.

The integration bypasses traditional ray-casting by utiliz-
ing precomputed directional kernels. The directional space
is discretized into angular bins, and for a given point p =
(x, y, z) in the sensor frame, its corresponding azimuth and
elevation bin indices are directly computed to select the
appropriate kernel.

1https://github.com/robotics-upo/DB-TSDF

Within each precomputed 21× 21× 21 cubic kernel, the
32-bit mask encodes the truncated distance to the kernel
center. This binary distance mask can be computed using
a standard L1 norm or a more accurate L2 norm via a
precomputed look-up table. Concurrently, the hemispherical
shadow region, used to determine voxel occupancy, is ex-
plicitly modeled using an L2 norm to prevent discretization
artifacts and maintain a consistent exclusion pattern (Fig. 2).
The kernel thus natively models the anisotropic footprint of
the LiDAR beam:

m(x, y, z) =

{
0, if r = 0,

(232 − 1)≫ (32− ⌈r⌉), if r > 0

For an incoming point, the corresponding voxel’s distance
mask is updated via a single bitwise AND operation. This
guarantees that the stored distance only decreases as new ev-
idence is accumulated, maintaining a constant computational
cost per scan independent of the global grid size:

mgrid ←

{
mgrid&mkernel, if mgrid ̸= mgrid&mkernel,

mgrid, otherwise

B. Continuous Distance Field: G-EDF

While the DB-TSDF provides rapid spatial context,
gradient-based localization requires C1 continuity to prevent
the local minima caused by trilinear interpolation. To achieve
this, the system models the Euclidean Distance Field (EDF)
as a continuous function approximated by a Block-Sparse
Gaussian Mixture Model (G-EDF)2.

Using anisotropic Gaussians as universal geometric func-
tion approximators, the continuous distance field d̂(x) at a
query point x ∈ R3 is expressed as a weighted sum of K
kernels:

d̂(x) =

K∑
k=1

wk · exp

−1

2

∑
j∈{x,y,z}

(xj − µkj)
2

l2kj


Crucially, the weights wk are not constrained to be posi-

tive. Negative weights act as subtractive terms that carve out
sharp minima at the surface manifold, ensuring a tight fit to
the underlying geometry.

This mathematical structure yields closed-form analytical
gradients, enabling exact evaluation without numerical dif-
ferentiation errors:

∇d̂(x) = −
K∑

k=1

gk(x) ·Σ−1
k (x− µk)

By explicitly regressing the distance field, the continuous
representation naturally approximates the Eikonal equation
(∥∇d̂∥ ≈ 1), providing consistent and reliable gradients for
robust localization (Fig. 3).

2https://github.com/robotics-upo/G-EDF



(a) EDF (Blend False) (b) EDF (Blend True)

(c) Gradient (Blend False) (d) Gradient (Blend True)

Fig. 3: Cross-section analysis on a local region of the New
College Dataset [16] (z = 3.0 m) using 1.0 m3 blocks
with δ = 0.25 m overlap. Left (a, c): Discontinuities in
the distance field and gradient without blending. Right (b,
d): The proposed G-EDF representation with overlapping
blending enabled, ensuring global C1 continuity.

III. RECENT ADVANCEMENTS: FROM STATIC MAPS TO
REAL-TIME SLAM

Building upon these foundational representations, our cur-
rent ongoing research focuses on integrating both methodolo-
gies into a cohesive, real-time spatial estimation framework.
A central tenet of this active development is the commit-
ment to explicit geometric representations and analytical
optimization. By avoiding the computational bottlenecks
associated with neural representations, the unified framework
is explicitly designed to execute efficiently on standard CPU
architectures.

To transition from static mapping to an unbounded SLAM
system, the architecture is being developed as a highly
asynchronous framework. The discrete DB-TSDF handles
the instantaneous, O(1) integration of incoming LiDAR
scans, providing an immediate structural context. In parallel,
background CPU threads progressively train and refine the
continuous G-EDF blocks. To manage large-scale exploration
without exhausting system memory, the framework employs
a dynamic sliding window mechanism. This strategy ensures
that the dense discrete grid is only maintained for the robot’s
immediate surroundings. Once a region falls outside this
local radius, its lightweight, optimized Gaussian represen-
tation is archived and periodically published as a highly
compressed, self-contained local map for downstream tasks.

Furthermore, this continuous geometric approach opens
new, efficient avenues for place recognition. As part of this
ongoing project, we are developing an analytical loop closure
module that directly exploits the mathematical continuity
of the G-EDF. Instead of relying on computationally heavy

point-cloud matching, the system evaluates the explicit dis-
tance field across spherical shells to extract rotation-invariant
geometric signatures. This allows for rapid, deterministic
candidate matching. Ultimately, this ongoing development
demonstrates the immense potential of utilizing mathemati-
cally rigorous, continuous geometric representations to drive
end-to-end SLAM pipelines on resource-constrained plat-
forms.

IV. CONCLUSIONS

This work demonstrates that deterministic, analytically
grounded geometric methods can effectively rival modern
neural approaches for real-time volumetric mapping on
resource-constrained platforms. By introducing the fast, dis-
crete DB-TSDF and bridging it with the continuous, ana-
lytically differentiable G-EDF, we have established a highly
efficient foundation for CPU-based spatial modeling.

Our ongoing efforts to unify these structures into an
asynchronous SLAM backend highlight the practical ad-
vantages of this unified approach: O(1) data ingestion, C1

continuous gradients for robust trajectory optimization, and
mathematical signatures for instantaneous place recognition.
Therefore, this framework stands as a highly deployable and
interpretable solution for autonomous navigation, proving
that rigorous mathematical structures can drive state-of-the-
art robotics without the overhead of GPU acceleration.
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