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Abstract. Autonomous driving relies on LiDAR simulation for gener-
ating realistic 3D point clouds, typically achieved using computation-
ally expensive raycasting. We introduce GnoSphere360, a scalable Li-
DAR data generation method that eliminates raycasting by projecting
triangular meshes onto a unit sphere and interpolating point samples
with gnomonic projection. This computational approach bypasses tra-
ditional ray-mesh intersection, significantly reducing computation time
while maintaining compatibility for further downstream physics-based
modeling. Benchmarking against NVIDIA OptiX and native CARLA
engines, GnoSphere360 achieves up to 35× speedup over CARLA for
physical LiDAR models and maintains robust performance against Op-
tiX, while preserving similar LiDAR point cloud output. However, for
extremely dense LiDAR configurations, GnoSphere360 achieves over 3.6x
speedup against OptiX, showcasing the scalability of our proposed method.
Ablation studies demonstrate robustness of GnoSphere360 across vary-
ing scenes and sensor models, while preserving data fidelity. Our results
show GnoSphere360 is an efficient, accurate, and parallelizable alterna-
tive to raycasting and rasterization for autonomous driving simulation.
Project website: gnosphere360.github.io
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1 Introduction

Automated driving systems (ADS) rely on accurate environmental sensing to
navigate safely, requiring detection of both static features, like roadways and
traffic signals, and dynamic obstacles, such as pedestrians and vehicles. 3D Li-
DAR (Light Detection and Ranging) has become a pivotal active remote sensing
tool for ADS [11], capable of producing highly detailed environmental maps with

∗ These authors contributed equally to this work.
† Corresponding author

https://orcid.org/0009-0007-8321-1282
https://orcid.org/0009-0009-0179-9233
https://orcid.org/0000-0002-6322-9043
https://gnosphere360.github.io


2 I. Shahan, A. Nabil et al.

(a) Ray Pre-computation (b) Spherical Projection (c) LiDAR points generated

Fig. 1: LiDAR data generation for triangular mesh using proposed GnoSphere360
method

sub-centimeter accuracy. This allows ADS to precisely locate objects, recognize
road edges, and identify obstacles, with sensor configurations offering varying
resolution and fields of view.

Simulation is essential for developing and testing ADS pipelines [9], permit-
ting recreation of complex and rare scenarios to evaluate system robustness.
Platforms like CARLA [4] and AirSim [15] offer realistic models with a wide ar-
ray of static and dynamic assets, enabling researchers to position sensors and ex-
tract synthetic data under controlled conditions. These simulation environments
help validate perception algorithms by replicating real-world sensor outputs and
behaviors.

LiDAR data generation in these simulators commonly relies on raycast-
ing [14], a computational method which traces laser pulses as straight lines
to detect intersections with objects in the virtual scene. Raycasting produces
accurate 3D point clouds that mimic actual sensor geometry, but its realism
comes at a steep computational cost. Calculating millions of ray-object interac-
tions demands significant processing power and memory, presenting challenges
for real-time or large-scale simulations.

To address these performance bottlenecks, rasterization-based methods have
been adopted [10], leveraging GPUs’ native rendering pipelines to simulate Li-
DAR data with greater speed. By efficiently processing depth maps and paral-
lelizing hit computation, rasterization achieves a substantial reduction in com-
putation time compared to raycasting. However, while rasterization accelerates
simulation, it may sacrifice some accuracy. Additionally, neural networks have
emerged for LiDAR data generation [18,19], learning sensor behavior from train-
ing datasets. Despite their promise, these models can be resource-intensive and
may produce anomalies or unrealistic outputs if exposed to novel scenarios,
prompting a preference for physics-based methods.

Our contribution critically examines raycasting’s role in LiDAR simulation
and introduces GnoSphere360, a novel approach that eliminates the need for
raycasting on triangular meshes. Instead, we project the mesh onto a unit sphere
centered on the LiDAR sensor, compute azimuth-elevation coordinates for each
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triangle, and cull triangles based on distance, elevation, and visibility. Candidate
rays are assigned based on this spherical projection, and using gnomonic pro-
jection, we interpolate point samples directly on the mesh—without traditional
raycasting. Fig. 1 showcases the output of our method for a sample triangu-
lar mesh. Our method is fast, parallelizable, and scalable, representing the first
alternative to raycasting, rasterization, and generative models in LiDAR data
simulation.

Our paper is structured as follows: Section 2 provides some related work,
Section 3 details the proposed method, Section 4 provides the results of the
proposed method along with the comparison to other approaches and finally,
Section 5 provides the conclusion.

2 Related Work

Raycasting has long been a central technique in computer graphics for tracing
light rays to generate realistic imagery [6], with advancements like the Möller
Trumbore [12] algorithm providing efficient ray/triangle intersection solutions
widely used in gaming engines. Rotating LiDAR sensors, equipped with multi-
ple vertically oriented lasers, utilize similar principles, emitting pulses to measure
depth. As a consequence, simulating LiDAR devices with raycasting-based meth-
ods is straightforward, and many LiDAR simulators leverage computer graphics
algorithms and hardware for this purpose. Helios [1] was one of the first general-
purpose time-of-flight simulators based on raycasting, while open-source ADS
platforms such as CARLA [4] and AirSim [15] rely on raycasting to model ro-
tating LiDAR, generating dense point clouds through rays projected from the
sensor to intersect virtual meshes.

Research efforts have focused on accelerating these simulations through both
software and hardware optimizations. NVIDIA’s OptiX raytracing engine, used
within Vires’ VTD driving simulator [8], delivers high-speed intersection process-
ing on GPUs, and frameworks like optScan offer modular guidelines for parallel
raycasting [7]. To further improve rendering efficiency, rasterization-based ap-
proaches have emerged. For example, AADS introduced rasterization via cube-
map projection [10], blending real backgrounds with synthetic actors, while other
methods render only LiDAR-visible portions of the scene, increasing computa-
tional speed and frequency [3, 5].

Recently, deep learning models have tackled LiDAR data generation by learn-
ing the physical raycasting process. LiDARGAN and LiDARVAE convert 3D
grids into 2D point representations [2], enabling generative adversarial networks
and variational autoencoders to produce synthetic LiDAR point grids, which can
be unrolled into point clouds during post-processing. While primarily used for
realistic data completion, generating LiDAR data from triangular mesh struc-
tures in simulation remains relatively unexplored. Learning-based algorithms,
such as LiDARGen [19], map traffic layouts from bird’s eye views to point cloud
sequences; however, these approaches often struggle with out-of-distribution sce-
narios, limiting their ability to faithfully replicate simulated environments.
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3 Methodology

To address the problems of computationally expensive raycast operations for
modeling LiDARs in simulations, we propose our solution, GnoSphere360.
The goal is to come up with an alternative to LiDAR modelling via raycasting
that is fast, produces accurate LiDAR points, while being computationally com-
petitive to state-of-the-art raycasting. Our method is able to take the meshes
of a simulated world, and LiDAR position to generate point clouds without any
ray traversal throughout the simulation environment.

When ray-tracing (RT) is used for traditional rendering applications, a lot of
RT features play a significant role in developing a realistic, physically and visually
accurate scene. Rendering details such as reflections, shadows, ray bounces, etc.
require separate shaders for each ray which traverses a Bounding Volume Hierar-
chy (BVH) to reduce the number of ray-triangle intersections. Modern massively-
parallel silicon (e.g. NVIDIA RT Cores, AMD Ray Accelerators) makes this fea-
sible in real time by running fixed function hardware units, but these accelerators
are not universally available and introduce platform dependencies.

LiDAR modeling demands new requirements that allow algorithmic flexibil-
ity. Each beam travels in a known, predictable direction arranged on a regular
azimuth-elevation grid, and only the nearest intersection per direction is needed.
Rather than asking “Which triangle does this ray intersect? ”, we reframe the
problem as “What does the LiDAR observe in a given spherical direction? ” This
perspective shift enables us to pre-transform scene geometry into the sensor’s
local coordinate frame and build acceleration structures that are tailored to the
LiDAR’s spherical sampling pattern, as described below.
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Fig. 2: GnoSphere360 architecture, showcasing main 3 stages of the process.

3.1 GnoSphere360

The pipeline consists of three sequential stages, each designed to minimise mem-
ory traffic and arithmetic operations through aggressive precomputation and
early culling. Figure 2 illustrates the overall flow.
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Stage 1: Overlapping Spherical Projection We can visualize the 3D world
projected on a unit sphere around the LiDAR source, thus bringing the meshes to
the sensor. Since any two triangles at different distances from the sensor can be
projected onto the same spherical surface, we allow such projections to happen
in an overlapping fashion.

This “mesh-to-unit-sphere” formulation has two immediate advantages. First,
a spherical projection preserves collinearity. The projected point v̂ lies on the
same ray from the sensor origin as its world-space counterpart v, so no perspec-
tive distortion is introduced. Second, the spherical grid directly corresponds to
the sensor’s azimuth-elevation sampling pattern, making the acceleration struc-
ture grid-compatible by construction.

A triangle vertex v = (x, y, z)⊤ can be expressed in the LiDAR coordi-
nate frame (origin at the sensor) as the vector v. Therefore, its unit-sphere
projection is v̂ = v

∥v∥ . The full spherical coordinates are found using the for-
mulae θ = arctan(xz ), ϕ = arcsin( y

∥v∥ ), where θ ∈ (−π, π] is the azimuth and
ϕ ∈ [−π/2, π/2] is the elevation.

Range culling. For each triangle with vertices v0, v1, v2 (already in LiDAR space),
the vector to first vertex v0 is used to perform a rudimentary range culling.
This is an elementary comparison test after our spherical transform points are
precomputed. The vector v0 is chosen instead of the centroid of the triangle
because for triangles at typical LiDAR range limits of > 100m ranges have
centroid vectors which are not very different from a vertex due to their distance.

Backface culling. We compute the geometric face normal,

ng =
(v1 − v0)× (v2 − v0)

∥(v1 − v0)× (v2 − v0)∥
. (1)

We align ng with the mesh’s stored normal to handle winding-order incon-
sistencies. A triangle is culled when the vector, v0, satisfies ng · v0 ≥ 0, which
indicates the face points away from the sensor located at the origin. Backface
culling removes approximately half of all triangles before any further processing.

Elevation culling. Triangles whose entire azimuth-elevation bounding box lies
outside the LiDAR’s configured vertical field of view are discarded at this stage,
further reducing the candidate set before binning.

Stage 2: Triangle Binning After transformation, each surviving triangle is
assigned to a set of candidate rays using an azimuth-elevation bounding box
computed from its projected vertices. For a triangle projected onto the unit
sphere, we compute its azimuth range [θmin, θmax].

The bounding box is quantized into ray-grid indices i =
⌊
θ−θ0
∆θ

⌋
, j =

⌊
ϕ−ϕ0

∆ϕ

⌋
,

where ∆θ and ∆ϕ are the azimuth and elevation resolutions of the LiDAR model,
and (θ0, ϕ0) are the minimum angles of the grid.
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For each candidate ray (i, j) within the bounding box, we verify that the
ray direction r lies inside the spherical triangle using precomputed edge normals
{ek}2k=0. A ray is confirmed as a candidate if

e0 · r ≥ 0 ∧ e1 · r ≥ 0 ∧ e2 · r ≥ 0, (2)

or the analogous all ≤ 0 condition. This sign test is significantly cheaper than
barycentric evaluation and is fully enabled by the edge-normal precomputation
carried out before the transformation stage.

Stage 3: Gnomonic Ray Projection The final stage resolves the actual
intersection distance for each active ray using gnomonic projection, which maps
any collinear point along a ray direction onto an arbitrary plane in 3D space.
This is valid precisely because Stage 1 preserves collinearity.

Let the supporting plane of a triangle be defined by its normal n and an
arbitrary vertex v0 on the plane:

n̂ · P + d = 0, d = −n̂ · v0, (3)

where d represents the perpendicular offset of the plane from the 3D origin,
O. Geometrically it represents the projection of the vector v0 to the direction of
n̂, and hence represents the shortest possible offset to the plane.
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Fig. 3: Gnomonic Projection Isometric Dia-
gram.

Since the LiDAR ray direction
S (a point on the unit sphere)
is collinear with the intersection
point P = tS, substituting into
Eq. (3) yields the scalar depth

t =
n̂ · v0

n̂ · S
. (4)

All quantities except v0 can be
precomputed once per triangle, so
each ray-triangle depth evaluation
requires only two dot products
and one division—a total of 3 sub-
tractions, 3 multiplications, 2 ad-
ditions, and 1 division. A geomet-
ric diagram is included for refer-
ence in Figure 3.

Key property. Because the bin-
ning stage already guarantees
that the ray direction r lies within
the spherical triangle (Eq. (2)),
and because gnomonic projection
preserves the interior of the triangle under this mapping, the intersection point
P = tS is guaranteed to lie inside the triangle in world space. This eliminates the
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barycentric inside-test that dominates the cost of the classic Möller–Trumbore
algorithm [12].

Proxy-Occlusion culling. We exploit two additional optimizations that arise
from the spherical-projection structure to perform proxy-occlusion culling.

Best-first initialization. Each ray loads its minimum-d candidate from the
binning stage and tests it first, establishing a tight upper bound tbest on the
intersection distance.

Depth-based skipping. For subsequent candidates, we check whether the tri-
angle’s plane offset d satisfies d ≥ tbest. Since t = −d / (n̂ ·S) and −n̂ ·S > 0 for
front-facing triangles with −n̂ ·S ≤ 1, we have t ≥ d. Therefore d ≥ tbest implies
t ≥ tbest, enabling early rejection without computing the ray-plane intersection
or loading the triangle normal.

Compatibility with physics-based parameters. GnoSphere360 replaces only the
ray-triangle intersection stage; downstream physical modeling is therefore unaf-
fected. Because triangle-point associations are preserved at each intersection,
standard physical attributes such as material-based intensity/reflectance, range-
based drop-off, and probabilistic or Gaussian noise remain directly applicable
using the same models as conventional raycasting pipelines.

Table 1: Floating-point operations per ray-triangle intersection algorithm. Precom-
puted quantities are excluded from the per-invocation counts.

Stage / Algorithm Scope Sub Mul Add Div

GnoSphere360
Backface cull (Stage 1) per triangle 3 3 2 0
Inside test (Stage 2) per triangle 0 9 6 0
Gnomonic depth (Stage 3) per ray 3 3 2 1

Möller–Trumbore
MT with culling and inside-test per ray 9 24 8 1

Difference
Worst-case (no amortization) per compute 3 9 -2 0

3.2 Computational Complexity

Table 1 compares the per-ray-triangle floating-point operations (FLOPs) of the
standard Möller–Trumbore (MT) algorithm against GnoSphere360’s gnomonic
projection kernel, after all possible precomputations have been applied. Impor-
tantly, MT performs backface culling and the barycentric inside-test for each
ray, whereas GnoSphere360 distributes these operations across earlier pipeline
stages (transformation and binning, respectively) where they can be amortized
over all rays that share the same triangle. The table therefore also reports the
per-triangle cost of each stage so that the total operation count can be compared
fairly.
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Table 2: Physical parameters of LiDAR models recreated in simulation. The 256-
channel model is a synthetic configuration for ablation testing.

Model Vert. FOV (◦) H. Res. Channels Range (m) Rays

VLP-16 −15.0 ∼ +15.0 1800 16 100.0 28,800
VLP-32 −25.0 ∼ +15.0 3600 32 100.0 115,200
HDL-64E (Baseline) −25.0 ∼ +2.0 4500 64 120.0 288,000
Hypothetical-256 −45.0 ∼ +45.0 18000 256 200.0 4,608,000
Hypothetical-350 −45.0 ∼ +45.0 18000 350 200.0 6,300,000

3.3 Implementation

The GnoSphere360 pipeline is massively parallelizable, and therefore the pipeline
is implemented in CUDA. This serves as a means to compare fairly with the
CUDA-based OptiX, and does not constrain the pipeline to only CUDA based
hardware architectures. The precomputed data that can be dynamically cal-
culated when necessary such as LiDAR directions from any arbitrary physical
LiDAR model, triangle mesh data such as edge normals, plane-d, geometric nor-
mals, are all stored within a Structure-of-Arrays (SOA) format. This allows for
consecutive threads within a GPU warp to load coalesced memory transactions.
Therefore this can be utilized within each stage to reduce memory I/O latency,
and increase warp efficiency.

The potential for parallelism can be exploited by mapping the thread gran-
ularity to the scope of each stage of the pipeline. The Stages 1 and 2 are both
triangle-parallel by assigning a thread per triangle being tested - performing
spherical projection, testing for cull conditions and binning. Running the final
stage triangle-parallel would cause massive warp divergence, as different triangles
can be tested for the same LiDAR direction, and lead to atomic contention as a
thread waits to test on the same ray. Instead, we flip to a ray-parallel approach
for the gnomonic projection CUDA kernel - where one thread per LiDAR direc-
tion resolves the smallest final depth using the triangle candidates assigned by
Stage 2. Our experiments show that ray-parallel warp divergence is extremely
low as 90% of rays have between 1-5 ray candidates. Ray-parallel also allows
threads to exit early due to proxy-occlusion.

We evaluate GnoSphere360 against two ray-tracing LiDAR alternatives: the
native LiDAR simulator bundled with CARLA and NVIDIA OptiX [13]. CARLA
LiDAR sensor serves as the CPU-computed lower bound on ray-tracing perfor-
mance. OptiX is a hardware-accelerated ray-tracing framework that represents
the current state-of-the-art but requires dedicated RT-core hardware tied to the
NVIDIA platform. OptiX also uses instance acceleration structure (IAS). IAS
refits the bounding volume hierarchy (BVH) generated by OptiX from the previ-
ous frame instead of building the BVH for the entire scene again, thus massively
improving efficiency. All benchmarks are conducted on an RTX 3070, with AMD
Ryzen 5 2600x, 16 gigabytes of DDR4 RAM.
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4 Results

For the baseline LiDAR model, we simulate the 64 channel HDL-64E rotating
LiDAR sensor at a resolution of 288K rays. Details for each LiDAR model used
can be found in Table 2.

4.1 Benchmarking Setup

Existing simulation software does a lot of background computations and thus
can be characterized as black-boxes. This leads to restricted low-level control
which limits our ability to do a fair one-to-one benchmark. Therefore, we have
built a custom evaluation platform in C++ that uses OpenGL for rendering
and debugging. OptiX Wrapper Library (OWL) [17] is used to perform GPU
based ray-tracing that uses RT-core acceleration, and CUDA for GPU based
GnoSphere360 implementation. The advantage of such a setup involves complete
deterministic control, therefore we can perform all benchmarks in no-rendering
mode for valid comparison.

A deterministic run was collected for 400 LiDAR frames with CARLA v0.9.15
based on Unreal Engine 4.26 (UE4) for benchmarking. The LiDAR sensor loca-
tion data were collected for the 400 frames, using a fixed pseudorandom seed.
We then exported the CARLA town map from UE4, imported it into our eval-
uation framework and replayed the run for OptiX and GnoSphere360 using the
LiDAR sensor location data. This ensured that we have repeatable scenes of 400
frames for CARLA-based towns both in CARLA Simulator, and also within our
evaluation framework for GnoSphere360 and OptiX. To increase validity further,
the rendering and physics-simulation time from CARLA simulator was also sub-
tracted from each frame. LiDAR point cloud data when collected, were always
collected separate from the timing benchmarks to avoid including I/O read-write
latency. Static CARLA scenes were used for the benchmark runs to represent the
best-case performance of OptiX using IAS refitting, as opposed to scenes con-
taining dynamic changes such as traffic1. GnoSphere360 performs computations
independently for every frame, resulting in consistent performance regardless of
scene dynamics. It is worth noting, since GnoSphere360 does not use recaching,
OptiX is at a greater advantage, and there is room for improvement.

We ran the simulation for 11 independent runs to capture run-to-run variance
with one warm-up run which is ignored in the results. The baseline comparisons
are performed on CARLA Town03, a medium-complexity urban environment,
which is also ported to our benchmark program. Cross-scene generalization over
other towns is discussed in Section 4.5.
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(a) GnoSphere360 vs CARLA (b) GnoSphere360 vs OptiX (c) Run to run consistency

Fig. 4: Frame time comparisons across different pipelines for baseline LiDAR (a)
and (b) show the average frame time for each of the 400 frames across 10 runs for
GnoSphere360 vs CARLA and OptiX respectively; (c) shows the consistency of each
pipeline as box plots across runs in log time.

Table 3: Frame time statistics for each renderer on the HDL-64E baseline configura-
tion.

Variance (ms2)

Renderer Mean (ms) Across Frames Across Runs

CARLA 89.6170 76.6338 1.1224
GnoSphere360 2.5420 0.0701 0.0003
OptiX 1.2270 0.0162 0.0110

4.2 Comparisons with OptiX Raytracing and CARLA

Baseline LiDAR Comparison We provide per frame comparison over the
10 runs for the different LiDAR generation pipelines for the HDL-64E baseline
configuration in Fig. 4. In comparing GnoSphere360 with CARLA in a relatively
simpler LiDAR model, we find our proposed approach to be faster by about ∼ 35
times, while being much more consistent in performance over frames (Fig. 4a).
In contrast, GnoSphere360 has a relatively similar performance to OptiX with-
out any RT-core hardware acceleration (Fig. 4b) with a frame time difference
on average of about ∼ 1.3ms. Fig. 4c shows the run-to-run consistency further
showcasing the validity of these findings over multiple runs. The frame time is in
log-scale, showing an orders of magnitude difference between CARLA and Gno-
Sphere360 and the close similarity between OptiX and GnoSphere360. OptiX
frame time has greater stability over an entire run, while it can be seen to have
greater variance between separate runs as quantified by the Table 3, which tabu-
lates the summary statistics of the different generation pipelines. GnoSphere360
can be said to have greater run-to-run consistency overall.

1 Dylan Lacewell, "Fast Ray Tracing of Dynamic Scenes Using NVIDIA OptiX 9 and
NVIDIA RTX Mega Geometry," NVIDIA Technical Blog, April 24, 2025. Available at
https://developer.nvidia.com/blog/fast-ray-tracing-of-dynamic-scenes-
using-nvidia-optix-9-and-nvidia-rtx-mega-geometry/. Accessed: 2026-06-30.

https://developer.nvidia.com/blog/fast-ray-tracing-of-dynamic-scenes-using-nvidia-optix-9-and-nvidia-rtx-mega-geometry/
https://developer.nvidia.com/blog/fast-ray-tracing-of-dynamic-scenes-using-nvidia-optix-9-and-nvidia-rtx-mega-geometry/
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Table 4: Frame time statistics for GnoSphere360 and OptiX on hypothetical stress-test
LiDAR configurations. (See Table 2)

LiDAR Model Renderer Mean (ms) Variance (ms2) Speedup

Hypothetical-256 (4.6M rays) OptiX 13.54 7.59
GnoSphere360 5.60 1.06 x2.42

Hypothetical-350 (6.3M rays) OptiX 62.98 157.84
GnoSphere360 17.27 39.40 x3.65

(a) GnoSphere360 execution timing per stage (b) OptiX execution time per stage

Fig. 5: Comparison of GnoSphere360 and OptiX in terms of GPU timing breakdown.

Hypothetical LiDAR Stress-Test To stress-test the performance of our up-
per bound OptiX with GnoSphere360, we utilized two hypothetical LiDAR mod-
els detailed in Table 2, that generate about 4 million and 6 million rays per frame.
A detailed overview of the comparisons is shown in Table 4. What is noteworthy
is the performance of GnoSphere360 against OptiX in the extreme examples -
OptiX struggles to keep up with the number of rays. In contrast, GnoSphere360
implementation is resilient over a greater number of rays, performing about 2.42
times faster than OptiX at 4 million rays. As the number of rays is increased to
6 million this discrepancy rises to GnoSphere360 being about 3.65 times faster
than OptiX. We believe OptiX degrades with ray-scaling due to - (a) register-
heavy traversal kernel at large ray counts, and (b) BVH traversal for millions of
rays all distributed in different angles around the LiDAR source leads to cache
misses. [16] This data point highlights the potential of GnoSphere360 pipeline
as a means for other high-resolution, high-throughput applications similar to a
360◦LiDAR.

4.3 Hardware Timing Comparisons between OptiX and
GnoSphere360

Fig. 5 provides the GPU timing breakdown of GnoSphere360 and OptiX. It is
noteworthy, that GnoSphere360 does not reuse previous frames for the next
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frame (unlike OptiX’s IAS refit) and performs all computations per frame. De-
spite this, GnoSphere360 holds up competitively against the RT-core accelerated
ray-tracing framework, and surpassing it at high ray-count LiDAR configura-
tions. A prior-frame caching strategy for Stages 1 and 2 represents the most
direct path to further performance gains.

Looking at the GPU time within OptiX, we can observe an equal distribution
of time on IAS refit and ray launch. Ray launch includes the total time taken for
the ray directions to be generated, the BVH in the respective directions to be
traversed and the ray-triangle intersections to be performed. Comparatively we
can see almost similar times for first two stages of the GnoSphere360 pipeline,
whereas the final gnomonic projection stage contributes negligibly by compari-
son.

4.4 Similarity of LiDAR Point Generation

We evaluate the geometric similarity between LiDAR point clouds generated by
OptiX ray-tracing and GnoSphere360 using nearest-neighbor (NN) distance. For
each point in the GnoSphere360 output, we find the nearest neighbor from the
OptiX output point cloud and compute their distance. This gives an estimate
of how closely GnoSphere360 resembles the same spatial distribution of points
produced by hardware-accelerated raytracing.

Upon initial evaluation, we found inverted mesh normals and planar one-
sided meshes (fences, leaves, etc.), which were artifacts caused by exporting
towns from CARLA. These mesh errors were corrected manually and two-sided
triangles were used for one-sided meshes. A gated function was used to remove
erroneous projections.

Table 5: Distribution of nearest-neighbour distances between point clouds generated
by OptiX and GnoSphere360.

NN Distance (m) Count Percentage (%)

0.00− 0.20 9,589,134 99.967964
0.20− 0.40 630 0.006568
0.40− 0.60 739 0.007704
0.60− 0.80 400 0.004170
0.80− 1.20 546 0.005692
1.20− 1.60 408 0.004253
1.60− 2.00 350 0.003649

Total 9,592,207 100.000000

We report the distribution of NN distances across all frames of the point
cloud with the baseline configurations in Table 5. The results show that 99.97%
of the generated points reside within 0.20m of the OptiX counterpart. Therefore
there is a strong geometric alignment between the two methods.
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It is important to note that GnoSphere360 and OptiX rays are initialized in
identical spherical directions in a deterministic setting, hence the NN distance
represents per-ray depth disagreement. Therefore the results reflect numerical
precision of GnoSphere360, and confirm that geometrically faithful point clouds
are produced. Since GnoSphere360 computes ray-triangle depth exactly rather
than approximating it, this accuracy is not traded off against speed.

4.5 Ablation study

(a) LiDAR Range limit comparison (b) Evaluation of different towns

Fig. 6: Ablation study on different towns and range values for the LiDAR sensor (a)
shows LiDAR range limit comparison for triangle projection in GnoSphere360 with
frame time statistics; (b) shows evaluation of frame time in different towns along with
triangle density in GnoSphere360

We perform ablation experiments for different hyperparameters of GnoSphere360
such as maximum range, scenes, and LiDAR models. These give us an insight
into how the performance of GnoSphere360 changes across varying scenarios and
across varying stages of the pipeline. Lowering the maximum range of the LiDAR
leads to greater triangles being culled during spherical projection in stage 1, and
should therefore be reflected on the frame timings as the propagating stages all
benefit from culling. Ablating across scenes according to CARLA-based towns
(in our case towns 01, 03, 04, and 10HD) provide us an understanding of how
the distribution of triangles (density) within the scene impacts the stages 1 and
2, which are both triangle-parallel. Finally, performing our runs on various real-
world LiDAR models (and a hypothetical extreme) provides valuable insights on
how the ray-parallel third stage behaves as ray-count is increased.

Range Ablation We vary the maximum range allowed before the triangles
are culled and monitor the mean performance over time. The graph in Fig-
ure 6a shows a linear relationship between increase in range to increase in per
frame time. This is expected, as increasing the maximum range of the LiDAR
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Fig. 7: Frame times for each different real-world physical LiDAR models, including
one hypothetical model of 256-channels listed in Table 2.

increases the bounding volume of triangles in the region around the LiDAR posi-
tion. Increase in range corresponds to cubic increase of bounding volume, but as
most triangles are concentrated close to ground level the relationship is closer to
quadratic. Despite this, having a linear relationship is noteworthy which likely
arises from the multiple culling operations.

Cross-scene Generalization We vary the LiDAR data generation in four
different simulated towns in CARLA with the baseline HDL-64E LiDAR. Figure
6b showcases the frame time statistics of a run for each town and correlates that
against the triangle density (number of triangles in unit area). We find that the
mean frame time of LiDAR data generation of a scene correlates directly with
the triangle density within the range of the LiDAR. Town10HD is a small, highly
urban town with lots of man-made structures with a much greater number of
triangles (about 21M) compared to the others. While Town03 has a larger total
number of triangles, the town is much sparser in comparison - therefore reducing
the number of triangles being processed within the range of the LiDAR model.

LiDAR Sensor Model Ablation Physical LiDAR models can easily be im-
plemented in GnoSphere360 due to our attention to LiDAR-specific topology.
We have recreated all the listed real-world LiDAR sensors in Table 2, as well as
hypothetical 256-channel and 350-channel LiDARs, each with 4 times the num-
ber of horizontal channels. The hypothetical LiDARs are used to stress test each
method for an extremely large number of rays. Fig. 7 shows the result of running
each listed LiDAR through the Town03 setup for 10 runs. Our results show that,
as expected, frame time increases with the number of rays, as more rays have to
be processed, and the spherical grid becomes more dense. For the hypothetical
model with 256 channels, GnoSphere360 runs at a 6 ms mean frame time over
the 10 runs.



GnoSphere360 15

5 Conclusion

We present a method to generate LiDAR data points in ADS simulations using
physics-based principles by projecting each triangle onto a unit sphere, binning
the triangle based on azimuth and elevation and finally, using Gnomonic projec-
tion to find the final point coordinates. The method, GnoSphere360, is shown
to have extremely robust performance against NVIDIA OptiX raytracing frame-
work and is about 35 times faster than the native CARLA LiDAR simulator for
baseline HDL-64E LiDAR with 288K rays. If the number of rays is increased
to 4.6M rays, GnoSphere360 offers a speedup of about 2.5 times over OptiX,
which jumps to a speedup of 3.65 times when the rays are increased to 6.3M.
Regarding similarity of LiDAR point clouds, we find that almost 99.97% of the
output point cloud from GnoSphere360 lies within 0.2 m of OptiX point cloud.

We also add a detailed ablation study for the maximum range of the LiDAR
data generation, time-based consistency of each frame generation in the different
simulation towns of CARLA and finally, the effect of different LiDAR models on
the generation of data. We find that there is almost a linear relationship between
range and frame time. We also compute a mean time-frame for generating LiDAR
data using HDL-64E parameters for four different simulated towns in CARLA
and compare them against the triangle density. We find that there is a direct
correspondence against the triangle density with Town10HD taking double the
time of other towns due to larger than triple triangle density. Finally, we change
the model of LiDAR used for data generation and show that GnoSphere360 can
run different physical LiDAR models at similar speeds while generating data for
an extremely dense hypothetical LiDAR model at double the mean frame time.

Our future work would be to further test the potential of gnomonic projection
as a depth estimator and integrate it into the CARLA framework. Furthermore,
we envision implementation and empirical validation of physics-based extensions
such as material-based intensity/reflectance, drop-off, and Gaussian noise, which
the preserved triangle-point associations in GnoSphere360 already support ar-
chitecturally.
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