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Abstract— In robotics, occupancy grids serve as required
repositories of information about the environment in numerous
applications. One such critical application is Simultaneous
Localization and Mapping (SLAM), where robots dynamically
scan and explore their surroundings while in motion. In the
context of extended-duration missions, it becomes imperative to
confront the complexities linked to the expansion of occupancy
grids as well as handling loop closure detection. These challenges
primarily revolve around two key aspects: enabling the seamless
expansion of the map on multiple occasions, thus avoiding the
need to map smaller regions in numerous separate missions,
and ensuring real-time updates to the map to sustain the robot’s
knowledge base and enhance its responsiveness. To address these
challenges, we introduce an innovative map called Frustum
Accelerated GPU-Based Grid Map (FRAGG-Map). This map
adopts a highly parallelizable 3D grid structure and leverages
the power of CUDA kernels to facilitate efficient insertion of
point-clouds and enables real-time updates of the map. FRAGG-
Map identifies the portions of the map that require updates
and utilises the GPU to update them, significantly enhancing
computational performance. Our results show that FRAGG-
Map can run 31 times faster than OctoMap, significantly
outperforming state-of-the-art methods.

I. INTRODUCTION

An important feature of robotics is the construction of maps
faithful to reality from the observations of the robot and the
estimation of its position. These maps can be represented
using an occupancy grid [1]. This grid divides the space into
voxels of a given resolution and a probability of occupancy
is assigned to each voxel. The occupancy grids allow a robot
to determine which areas are free and which are occupied
and therefore plan safe trajectories. To be able to plan in real-
time, it is necessary to work on a single global map which
encompasses everything that has been explored. Currently,
many of the real applications of SLAM with occupancy maps
use particle filters to estimate the robot’s position, where each
particle builds its own map [2] [3]. This algorithm implies
having many copies of the map, as many useful particles are
computed by the filter. For maps of considerable sizes, this
implies a significant computational cost.

Other SLAM solutions are based on the relationships
between different positions of the robot in which useful
measures of the environment have been obtained, such as
point-clouds of objects obtained from a laser scanner [4].
By adding information on the positions and measurements,
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Fig. 1: FRAGG-Map overview. An initial grid is instantiated
in the CPU. Visible portions of the map are uploaded to the
GPU and updated in real-time. The generated grid can be
expanded, if the robot is close to the boundaries, or it can
be truncated and fused at any point, allowing for maximum
flexibility.

a single global map can be built, eliminating the cost of
copying entire maps. Finally, the SLAM solutions need a
way to correct the global map data when the position of a
previous measurement is updated (for example after loop
closure) in a fast way.

In this work, we introduce FRAGG-Map, an accelerated
grid map that takes advantage of the field of view of the
sensor used to perceive the environment to work only on the
portion of the visible portion of the map. The main motivation
of this work is the development of a lightweight algorithm
able to provide large maps that can be updated in real-time.
To achieve this goal we make use of GPU architectures,
which provide fast and parallel computing capabilities, that
are ideally suited to modifying multiple elements of a map
concurrently. Figure 1 provides an overview of the system. By
using a dual GPU and CPU architecture and the field of view
of the mapping sensor, FRAGG-Map can insert and remove
huge point-clouds allowing fast map updates. Furthermore,
due to the grid nature of the map, part of the grid can be
easily truncated and stored to allow the robot to work with
the part of the map in which the robot is sensed to work and
load the stored parts if needed (i.e. long-term deployment
scenarios). We conducted extensive experimental evaluations
using the Freiburg Campus dataset [5] as well as the data
collected using an underwater laser scanner [4]. Our results
show that FRAGG-Map can insert point-clouds 31 times
faster than OctoMap while maintaining a similar quality and
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memory footprint. A qualitative comparison of the methods
can be seen in Figure 2. The main contributions of the work
are as follows:

• We introduce a GPU-accelerated map coupled with the
frustum view to update only the visible voxels.

• We present the functionalities of the FRAGG-Map library
and we will release it as open source.1

• We provide extensive evaluations that show that our
method can significantly outperform state-of-the-art
methods such as Octomap [6].

II. RELATED WORK

Occupancy grid mapping (OGM) encompasses several
frameworks that aim to address the challenges of efficient
mapping and navigation in robotic systems. OctoMap [6] is
a widely adopted OGM framework that employs an OcTree
data structure to represent occupancy information. It offers
a flexible resolution representation, allowing for adaptive
map resolution based on the complexity of the environment.
OctoMap provides efficient updates, traversability analysis,
and collision-checking capabilities. However, its CPU-based
implementation may struggle to handle the high data rates
generated by modern 3D lidar sensors and maintain rich voxel
representations in real-time. Another notable framework in
the field of OGM is UFOMap [7] which is an extension of
the OctoMap. UFOMap stands out by utilizing an explicit
representation of all three states on the map: occupied, free,
and unknown. By explicitly representing each state, UFOMap
achieves efficient memory utilization while preserving the
necessary information about the environment. UFOMap
provides methods that enable significantly faster insertions
into the octree data structure, facilitating real-time coloured
volumetric mapping at high resolutions.

Occupancy Homogenous Mapping (OHM) [8] is an open-
source GPU-based OGM framework that addresses the
computational limitations of CPU-based implementations. The
regions are stored in a hash map where each region is a dense
3D grid of cubic, fixed-size voxels allocated as a contiguous
memory block. It supports modern OGM algorithms such
as Normal Distributions Transform-Occupancy Maps (NDT-
OM), Normal Distributions Transform-Traversability Maps
(NDT-TM), decay-rate, and Truncated Sign Distance Function
(TSDF). In [9] the authors present a mapping framework for
robot navigation which features a multi-level querying system
capable of obtaining rapid representations as diverse as a 3D
voxel grid, a 2.5D height map and a 2D occupancy grid.
These are inherently embedded into a memory and time-
efficient core data structure organized as a Tree of SkipLists.
Compared to the OctoMap approach it exhibits a better
time efficiency, thanks to its simple and highly parallelizable
computational structure, and has a similar memory footprint
when mapping large workspaces. GPU-Voxels [10], another
notable framework, harnesses GPU acceleration. Its target
is fast collision avoidance which is handled utilizing GPU
parallel computation and a fixed size map. The mapping

1https://github.com/Michele1996/FRAGG-Map

framework Voxblox [11] as well as the GPU optimized version
Nvblox2 uses a signed distance field [12] voxel grid, with
voxel hashing for dynamic growth, as representation. It was
mainly developed for planning or trajectory optimizations
in the context of micro aerial vehicles (MAVs). The signed
distance field representation makes trajectory optimizations
faster by storing the distance to the closest obstacle in each
voxel. In the recent OctoMapRT [13] the authors propose
to use a hybrid of off-the-shelf ray-tracing GPUs and CPUs
to substantially improve OctoMap CPU-version. OctoMap-
RT employs massively parallel ray-shooting using GPUs
to generate occupied and free voxel grids and to update
their occupancy states in parallel, and it exploits CPUs to
restructure the OGM using the updated voxels. Unfortunately,
the implementation is not publicly accessible, preventing
direct comparison.

The aforementioned OGM algorithms face a persistent
challenge: as the map size increases, the time needed for
updates escalates accordingly. This issue is particularly
pronounced with larger maps and accentuated for the Tree-
based solutions. Consequently, there comes a point where
rebuilding the map becomes necessary to accommodate new
data, potentially leading to the loss of the previous map.
Furthermore, there is another limitation to consider, as some
of these maps are only expandable up to a certain size. For
instance, Octomap and SkiMap can cover areas up to 216 ×
0.001 m, totalling 65.536 square meters each, while UFOMap
is limited to 221 × 0.001 m, amounting to 2097.152 square
meters in each dimension. These expansions are constrained
by a 1 mm voxel size and maximum octree depths of 16 and
21, respectively.

III. METHOD DESCRIPTION

Addressing the need for real-time map data correction
and long-term exploration in autonomous robots with limited
computing capability, we propose the development of an
algorithm for fast and efficient single-map construction and
maintenance. Utilizing the parallel processing capabilities of
GPUs, known for their efficiency in parallel computation, we
aim to optimize mapping processes for rapid deployment and
resource conservation.

A. Grid Structure
We undertook the development of a 3D grid utilizing CUDA

programming. Given the grid’s nature, similar to a linear array,
most functions can be parallelized, making them easier to
convert into CUDA kernels. In practice, the entire grid resides
in the CPU, while a portion of the grid is loaded into the
GPU. The structure of the grid includes the resolution, an
initial number of cells N , and a list of cells that are loaded
in the GPU. The grid cells contain two values:

• npoints: a short integer for the number of points added
to the cell (which can be useful for some statistics)

• occupancy: a half , which is a single 16-bit floating
point quantity/type specific to the CUDA library, for the
occupancy probability.

2https://github.com/nvidia-isaac/nvblox
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(a) (b) (c) (d) (e)

Fig. 2: a) Map generated with the Dead Reckoning b) Map generated with the SLAM and not corrected c) Map generated
with Octomap d) Map generated with our method f) The pipe structure.

Thus each cell has a size of 4 bytes. The grid has an initial
size and fixed resolution and the robot is placed at its centre.

B. Dynamic Map - Frustum

Frustum culling is a technique used in computer graphics
to determine whether an object (or a portion of it) is visible
within the viewing frustum of a camera [14]. The viewing
frustum is the space region visible in the sensor view. If an
object is outside the frustum, it can be culled (discarded) from
rendering. Using viewing frustum to limit spatial perception
range has been widely used in Computer Vision and SLAM,
with or without GPU acceleration [15] [16] [17] [18]. We use
the sensor frustum to load into the GPU the portion of the grid
visible from the equipped sensor. This allows us to rapidly
update the map via the GPU. In the case of the grid, we
use the sensor Field of View (FOV) to determine the visible
cells and we load them in the GPU to update them using the
acquired point-cloud. In the presence of obstacles, the frustum
encompasses the 3D space behind the obstacles but the point-
clouds will not contain any points within that area. One
advantageous aspect of the frustum is that it can be utilized
to determine if a space is free and safe for navigation, even
if no points are detected. By knowing the visible cells within
the frustum and the sensor’s range, the system can update
the occupancy probability similarly to a point-could insertion.
Rejection planes, forming the boundaries of the frustum, play
the role of filter in this process, defining the limits of what
is considered visible. These planes are computed based on
sensor parameters, including their position, orientation, and
field of view. A similar approach has also been explored in
[19] for path planning. The number of voxels contained in
a pyramidal frustum and consequently, the relative memory
occupied in the GPU can be expressed as follows:
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Vfrustum
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where Nvoxels is the number of voxels in the frustum,
Vfrustum is the frustum’s volume (pyramid shape), R is
the resolution of the map, S1 is the area of the near base,

S2 is the area of the far base, D is the maximum depth of
the sensor, FOV is the field of view, x is the distance from
the sensor to the near end of the frustum, and x+D is the
distance to the far end. In our case the near base coincides
with the sensor origin, thus x = 0.

C. Optimizations

The primary function of the view frustum is to determine
which portion of data should be processed on the GPU.
Effective achievement of this task hinges on maintaining
coherence across both spatial and temporal dimensions to
prevent unnecessary data transfer, particularly in scenarios
where frustums overlap. We employ several optimization
methods to refine the portion of data processed on the GPU.

1) Spatial Coherence - Plane Rejection Memory: We use
the optimization principles introduced by [20], exploiting
the observation that when a cell is rejected by a specific
plane—especially during slow camera movements—the same
plane is likely to reject objects in subsequent frames. This
spatial-temporal coherence is complemented by the observa-
tion that the field of view (FOV) transitions smoothly from one
point cloud to another. To further enhance efficiency, priority
is given to testing against the plane responsible for rejection
in the previous frame, with each cell retaining information
about the last plane that resulted in its exclusion.

2) Rotation Coherence: If a cell is rejected by the left
plane, and the camera slightly rotates to the right, the cell will
once again be outside the frustum. However, it is essential to
exercise caution when using this method. Continuous rotation
of the camera may eventually bring the cell back inside the
view frustum. To address this, we use a timestamp and retain
the record of the plane’s rejection only for a short period.

3) Translation Coherence: When a cell is rejected by the
near plane (i.e., it is positioned behind the view frustum),
and the camera translates forward, the cell will undoubtedly
remain outside the view frustum. It is worth noting that even if
in the case of a 360◦ LiDAR we cannot optimize the frustum
using these techniques, the frustum is already efficient since
at time t most of the visible cells will be already in the GPU
at time t+ 1.

D. Map and Occupancy Updated

At the beginning of the mapping, the robot is at the centre
of the 3D grid and the cells have an occupancy probability
equal to 0.5. We distinguish unknown, free, and occupied
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Fig. 3: View of the grid’s portion uploaded into the GPU.

cells:

Celli =


Unknown if 0.45 ≤ pi ≤ 0.55

Occupied if pi > 0.55
Free otherwise

(5)

To update cell probability pi we employ a specialized
CUDA kernel that implements Bresenham’s algorithm [21] for
ray-tracing. The CUDA kernel utilizes the visible cells within
the frustum, along with the sensor’s position, orientation,
and sensor probability. By using atomic operations, the
kernel updates the occupancy probability of cells ensuring
consistency along the ray traversal. The probability update is
computed using the standard log odds:

logOddsfactor = log(sprob/(1− sprob)) (6)

logOddsnext = logOddsprior + logOddsfactor (7)

where, sprob represents the sensor’s measurement probability.
As the robot begins mapping, it continuously uses the

sensor’s position to compute frustums representing the field
of view of the sensors. These frustums are projected onto the
3D grid, and only the cells intersecting with the frustum are
considered for further processing. When the robot ventures
closer to the grid’s boundaries, the algorithm employs a
dynamic grid resizing strategy. To accommodate new regions
of interest, the grid is padded in one or more directions based
on the robot’s mapping trajectory. This padding mechanism
ensures that the robot can seamlessly explore beyond the
original boundaries without compromising the mapping
process. In this way, the system can overcome the limits of
OctoMap, SkiMap and UFOMap in terms of covered space.
At each insertion, the probability of occupancy probabilities
is then clamped using the clamping update policy proposed
in [22], which is also employed in OctoMap. The system
pseudo code algorithm is presented in Algorithm 1.

1) Vast Map Handling - Loop Closure: Compared to other
methods using the OcTree structure, our system benefits from
an easier expansion mechanism. We also have the possibility
of removing the point-clouds and reinserting them. For this,
in the CPU we store a map containing each point-cloud along
with the robot’s pose from which it was inserted. During the

Algorithm 1: FRAGG-MAP Insertion Cycle
Data: 3DGrid, sensorPose, sensorFOV, logOddsNext

1 Function FrustumKernel(sensorPose, sensorFOV)
2 visibleCellsIndex ← Empty List;
3 for each cellPosition in 3DGrid do
4 if cellPosition is in Frustum(sensorPose,

sensorFOV) then
5 add cellPosition to visibleCellsIndex;

6 return visibleCellsIndex;

7 Function Swap(gpuNodes, currentIndexes, nextIndexes)
8 copyValuesFromGPU(currentIndexes);
9 copyValuesToGPU(gpuNodes[nextIndexes]);

10 currentIndexes ← nextIndexes;

11 Function InsertPointCloudKernel(pointCloud,
sensorPose, logOddsNext)

12 for each point in pointCloud do
13 if point is valid then
14 apply Bresenham(point, sensorPose,

logOddsNext);

15 Function Update()
16 nextIndexes ← FrustumKernel(sensorPose,

sensorFOV);
17 Swap(gpuNodes, currentIndexes, nextIndexes);
18 InsertPointCloudKernel(pointCloud,

sensorPose, logOddsNext);

deletion phase, the point-clouds are removed using the inverse
approach to insertion. The process involves computing the
frustum based on the robot’s pose rpi at the time of insertion,
loading the cells visible during that time for the specific point-
cloud pi, and applying ray-tracing with reversed log-odds
function. Subsequently, the same point-cloud pi is reinserted
using another robot’s pose rpj . This is particularly interesting
when handling loop closures since in the case of huge maps,
for OcTree-based maps, it is often required to rebuild the
map instead of updating the existing one due to the update
time.

E. Memory management

Using the GPU to execute algorithms improves their speed
but at the cost of being slower when exchanging data between
the CPU and the GPU. Since the peak bandwidth between the
device memory and the GPU is much higher than the peak
bandwidth between host memory and device memory, the
implementation of data transfers between the host and GPU
devices can make a real difference in terms of performance.

1) Pinned memory: One way to speed up the data transfer
is to use the Pinned Memory. Host (CPU) data allocations
are pageable by default. The GPU cannot access data directly
from pageable host memory, so when a data transfer from
pageable host memory to device memory is invoked, the
CUDA driver must first allocate a temporary page-locked,
or “pinned”, host array, copy the host data to the pinned
array, and then transfer the data from the pinned array to the
device memory. We can avoid the cost of the transfer between
pageable and pinned host arrays by directly allocating our
host arrays to pinned memory.
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Fig. 4: Top: Memory transfer using Pinned memory. Bottom:
Texture memory functioning.

2) Texture memory: Texture memory, initially designed for
graphics applications, serves as a read-only memory variant
enhancing performance and reducing memory traffic with
specific access patterns. While traditionally used in graphics,
it proves effective in certain GPU computing applications.
Cached on-chip, it boosts effective bandwidth by minimizing
off-chip DRAM requests. Ideal for spatially localized memory
access patterns, it is employed in our system for point-clouds.
In this read-only space, a texture fetch costs one device
memory read on a cache miss, otherwise, just a read from
the texture cache.

IV. FRAMEWORK FUNCTIONALITIES

In this section, we present several key features that
contribute to the system’s efficiency and seamless integration.

a) Frontiers and Viewpoints: In addition to mapping,
the system provides frontier detection and viewpoint com-
putation. The frontiers are boundary zones between known
and unknown areas, signifying potential areas of interest for
further exploration. We achieve frontier detection by asyn-
chronously analyzing smaller grids within the environment
and identifying transition zones between known and unknown
spaces. This process is optimized due to the grid structure
since it is easy to identify the 26 adjacent cells surrounding
the target cell at position (i, j, k). After identifying frontiers,
the system calculates information gain through entropy re-
duction, signifying the decrease in uncertainty in information
distribution. Each frontier is assessed based on its potential to
reduce entropy, with prioritization given to those expected to
yield a greater reduction. Frontiers with higher information
gain are deemed strategically important for exploration.

b) Collision check: Instead of relying on external
libraries, we have implemented an internally optimized
GPU-based approach for collision checking. This involves
converting waypoints into 3D grid coordinates and utilizing
the GPU to efficiently iterate through them, checking for

collisions by examining cells within a specified region or
contained within the bounding box matching the robot’s size.
To enhance collision accuracy, we have developed a second
version that utilizes the robot’s model which in our case is
an OBJ file. The algorithm iterates over each triangle in the
robot’s model and it checks for collision with the 3D grid for
each waypoint. It uses bounding box checks (each triangle in
the robot’s model has a bounding box represented by triMin
(minimum coordinates) and triMax (maximum coordinates))
to quickly eliminate triangles that are not intersecting with
the grid at a high level. If the bounding boxes overlap, we
apply the Möller–Trumbore algorithm [24] for a more detailed
intersection check between each triangle and the grid.

c) Expansion and Truncation: For the 3D grid, we
implemented the expansion as padding based on the dis-
placement of the robot and its proximity to the boundaries
of the grid. This adaptive approach ensures that the grid
accommodates the movement of the robot while maintaining
its spatial constraints. We also implemented a truncation
mechanism that generates multiple sub-grids for different
regions of interest which can be efficiently stored and
manipulated, allowing the system to merge them back into
the main grid as we retain knowledge of where each sub-grid
was truncated.

d) ROS: The system has a dedicated ROS node respon-
sible for map creation and receiving real-time updates on
sensor position and point-clouds. Furthermore, the system
publishes visualization marker messages with cubic represen-
tations upon each point-cloud insertion, enabling convenient
incremental visualization of the grid.

V. EVALUATION

Our goal is to show that our system can handle multiple
operations on the map while maintaining a similar quality
compared to the systems in the literature. For that, we
divided our tests into two parts. We evaluated the algorithm’s
insertion time using the Freiburg Campus dataset3 as well
as data collected using an underwater laser scanner [4]. The
implementation was tested on Ubuntu 20.04 with GeForce
RTXTM3070 Ti 8GBs, Intel Core i7-11379H CPU (8 cores)
@ 3.3GHz, 32 GB of RAM.

We compared our algorithm to the mapping frameworks Oc-
toMap [6], UFOMap [7] and SkiMap [9]. For the evaluation,
we used the Freiburg Campus dataset with a 5cm resolution.
The data presented in Table I indicates that, on average, our
system achieved an insertion time of 0.64 milliseconds per
scan. Each scan was comprised of approximately 180000
points, with an additional CPU-GPU transfer of visible cells
taking an average of 0.03 milliseconds. This cumulative time
amounted to 0.67 milliseconds, making our system the fastest
among the tested configurations. These results indicate that
our method has an insertion time that is 31 times faster
than OctoMap, with a comparative memory footprint. It is
worth noticing that these results were obtained under the

3http://ais.informatik.uni-freiburg.de/projects/
datasets/fr360
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(a) (b)

Fig. 5: Comparison on the Freiburg Campus dataset a) comparison of the time needed by the algorithms to update the map
as a function of the number of poses to update. b) comparison of the time needed by the maps to insert a point-cloud of
≈ 300000 points from Stonefish as a function of the resolution.

TABLE I: Comparison of all the maps in terms of voxel size, the time needed by all the maps to insert a point-cloud of
≈ 180000 points as well the memory footprint for the Freiburg Campus dataset, averaged over 100 insertions.

Algorithm Voxel Size [bytes] Time per Insertion [ms] Mem. 3D grid [MB]
OctoMap 16 21± 2.0 155.4
UFO-Map 16 15± 1.5 58.7
Ski-Map 12 26± 3.2 588

FRAGG-Map 4 0.67± 0.02 164.4

Fig. 6: (Top) Global view of the structure. The grey blocks
represent the frontiers while the yellow and red spheres
represent the viewpoints. (Bottom) Simulation in Stonefish
[23] of the robot while scanning the structure.

assumption that the maps already hold the necessary data
without requiring expansion. In the alternate case where the
maps need to perform an expansion before being able to

TABLE II: Performances of the different algorithms compared
to the DeadReckoning: Difference with DeadReckoning
(DwDR)

Algorithm N. Occ. Cells Diff w/ DR DwDR %
OctoMap 4497 1042 18.8%

FRAGG-MAP 4572 967 17, 45%
UFO-MAP 4596 943 17.02
SKI-MAP 4459 1080 19.49%

DeadReckoning 5539 0 0, 0%

TABLE III: Resulting insertion time with different memory
types

Memory Type Time per Insertion [ms]
Pinned(Cells) & Texture(PCD) 0.67± 0.02

Pageable(Cells) & Texture(PCD) 0.74± 0.03
Pinned(Cells) 0.81± 0.02

Pageable(Cells) 1.02± 0.05

insert the new data, the advantage of our system will become
even more apparent, as the update time remains constant. This
time’s stability is attributed to consistently working with the
same data volume, and the map’s padding simply instantiates
new voxels without impacting the update process.

In the second part of the tests, we performed the comparison
of the time needed by the algorithms to modify the poses
of the point-cloud as it would happen if a loop closure was
detected as well as a comparison of the insertion time as a
function of the map resolution. In Figure 5a, the performance
of our system in updating the map, relative to the number
of positions to change is presented. Notably, as the number
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of positions to update increases, the time to update does not
increase significantly. Meanwhile, in Figure 5b, it is evident
that our system consistently exhibits the fastest insertion time
across various map resolutions. This is most notable at lower
resolutions, where our system has an insertion time that is at
least 12 times lower than the other methods.

Additionally, we conduct a qualitative comparison of
errors among various algorithms utilizing data from [4]. As
illustrated in Table II, our system performs similarly to the
other tested systems concerning the number of occupied
cells. This similarity indicates that our system maintains
comparable quality while demanding less computational time.
Furthermore, Figure 2 shows the map of the pipe structure
using our method compared to the map relying only on the
Dead Reckoning, the map generated using the SLAM and
not corrected and the map generated using OctoMap.

Finally, we conduct an ablation study on our system,
exploring the impact of different memory types for storing
point clouds and cells. Table III illustrates the performance
metrics for point cloud insertion, specifically with 180,000
points, across four distinct memory configurations:

• Using Pinned Memory for cells alongside Texture
Memory for point clouds.

• Employing Pageable Memory, the system’s default, with
Texture Memory for point clouds.

• Solely using Pinned Memory.
• Solely relying on Pageable Memory.

Our results demonstrate that the configuration combining
Pinned Memory for cells and Texture Memory for point
clouds exhibit the highest performance. This configuration
is optimized for both CPU-GPU transfers and data access,
resulting in superior efficiency.

VI. CONCLUSION

The proposed algorithm represents a significant time gain
compared to the state of the art, FRAGG-Map runs 31 times
faster than Octomap, 22 time faster than UFOMap, and 38
times faster than SkiMap, guaranteeing map update time
between 0.5 and 2ms regardless of the size and resolution
of the sub-grid. The update time is linear depending on the
number of positions to be updated and together with the
update time of 0.5s-2ms we guarantee a total order update
time of milliseconds. It should also be noted that using the
GPU means a double time gain for the robot, as the CPU
can perform other jobs while the GPU is running.

There are several directions for future work. One potential
avenue is the integration of semantic mapping, allowing for
the representation of not only the physical occupancy but
also the semantic meaning of the environment. This extension
would enable robots to understand and interact with their
surroundings more intelligently. Furthermore, we intend to
utilize our system with GTSAM [25], making use of ISAM2
[26] to track graph changes during loop closure.
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