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Reliable integration of LiDAR and photogrammetric point clouds is essential for high-precision
3D mapping, yet systematic evaluations of fusion accuracy under controlled conditions remain
limited. This study presents a simulation-based assessment framework for LiDAR-
photogrammetry fusion using a neural radiance field (NeRF) representation and iterative closest
point (ICP) registration. Experiments were conducted in the CARLA simulator (Town 10), where
a drone-mounted multi-sensor platform (RGB, LiDAR, GPS, IMU) generated spatially aligned
datasets. Photogrammetric reconstructions were produced using the Nerfstudio—Nerfacto pipeline
with varied architectural and sampling configurations to analyze their impact on cross-modal
registration. Quantitative evaluation employed Chamfer and cloud-to-cloud (C2C) distances to
assess NeRF reconstruction fidelity, and ICP root-mean-square error (RMSE), inlier fitness, and
runtime to evaluate registration performance. Results show that tuning NeRF’s hidden dimensions
and sampling levels yields up to 25% lower ICP RMSE and faster convergence across object
categories. The proposed framework enables reproducible benchmarking of LiDAR-
photogrammetry fusion and provides a foundation for extending NeRF-based methods to real-
world urban mapping scenarios.

This is an open access article under the CC BY-SA 4.0 license.
(https://creativecommons.org/licenses/by-sa/4.0/)

1. Introduction

detail. The idea of hybrid LiDAR-photogrammetry fusion
has been explored in prior works [4].

High-fidelity 3D mapping and reconstruction are
critical in robotics, geospatial sensing, autonomous
navigation, and smart cities [1], [2]. Light detection and
ranging (LiDAR) sensors offer precise depth
measurements and geometric accuracy even in low texture
environments but typically lack rich color or texture
information [3]. Photogrammetry, on the other hand,
reconstructs dense, textured surfaces from image
collections but often suffers from scale drift, holes in
textureless or repetitive-surface regions, and sensitivity to
lighting and viewpoint. A promising approach is to fuse
LiDAR and photogrammetric point clouds to combine
geometric accuracy with dense appearance and surface
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However, achieving robust and accurate fusion remains
nontrivial. Disparate sensor modalities lead to differences
in point densities, noise characteristics, and coordinate
referencing [5]. Photogrammetry reconstructions may drift
spatially or warp subtly, particularly in textureless or
weakly constrained regions. Likewise, LIDAR scans carry
measurement noise and partial occlusions [6], [7], [8].
Standard registration methods, such as iterative closest
point (ICP), are widely used but can fail under poor
initialization, noise, or low overlap; in particular, ICP is
known to be sensitive to local minima and initialization
quality [9].

Recently, neural radiance field (NeRF) representations
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have emerged as a powerful alternative to traditional
photogrammetric reconstruction, enabling continuous,
photorealistic scene modeling and implicit geometry
encoding. Approaches such as bundle-adjusting (BARF)
NeRF [10] jointly optimize camera poses and scene
radiance fields, improving geometric consistency, while
DReg-NeRF [11] extends this idea toward learned
registration between neural fields. Nevertheless, prior
literature rarely isolates where the true bottleneck lies,
whether in the reconstruction quality, the registration
algorithm, or their interaction across sensing modalities.
This lack of controlled evaluation motivates our work.

In this work, we address that gap by providing a
controlled simulation-based evaluation of LiDAR-
photogrammetry fusion. Our contributions are:

A reproducible CARLA-based testbed with a drone-
mounted sensor suite (RGB, LiDAR, GPS, IMU) in urban
scenes, enabling tight control over trajectories and noise.

An ablation study of NeRF-based photogrammetric
reconstruction (varying hidden dimension, sampling
levels, etc.) to quantify how reconstruction quality affects
alignment.

Quantitative fusion benchmarks, reporting Chamfer /
cloud-to-cloud (C2C) distances for reconstruction fidelity,
and ICP RMSE, inlier fitness, and runtime for registration,
including a noise-sensitivity analysis.

Our results show that properly tuned NeRF
reconstructions can reduce ICP registration error by up to
~25% compared to naive or default configurations, yield
more stable convergence across object types (e.g. poles,
road signs, benches), and maintain viable runtimes,
underscoring the importance of reconstruction design in
effective LIDAR—photogrammetry fusion.

2. Related works
2.1. Photogrammetry and NeRF for 3D Reconstruction

Traditional photogrammetry frameworks reconstruct
dense surface models from overlapping 2-D images using
structure-from-motion and multi-view-stereo algorithms
[12]. Despite high visual fidelity, these methods often
suffer from scale drift, poor depth recovery in textureless
regions, and lighting sensitivity. Recent advances in neural
implicit representations, particularly the NeRF [13],
overcome many of these limitations by encoding scene
geometry and appearance within a continuous volumetric
function. Follow-up variants such as BARF NeRF [10] and
DReg-NeRF [11] introduced joint
optimization and learned inter-NeRF registration,
respectively, further improving geometric consistency.
While these methods excel at reconstructing compact
scenes, few studies have quantitatively examined their
alignment behavior when fused with external LIDAR data
under controlled noise conditions.

camera-pose

2.2. LiDAR-Image Fusion and Registration

Integrating LiDAR with optical data has long been
explored to combine the complementary strengths of
accurate geometry and rich texture [14], [15]. Hybrid
fusion strategies range from colorizing LiDAR point
clouds [5] to joint optimization of photometric and
geometric constraints [6]. Rigid registration techniques
such as ICP [9] remain a standard baseline, with numerous
variants addressing outlier rejection, multi-scale matching,
and probabilistic correspondences [10]. Nevertheless,
cross-modal  registration  between LiDAR  and
photogrammetric or NeRF-derived point clouds remains
challenging because of differing point densities and
incomplete overlap [16], [17], [18]. Previous studies have
focused primarily on real-world data, where measurement
noise and uncontrolled motion complicate ground-truth
evaluation [19], [20],[21].

2.3. Simulation for 3D Perception

Physics-based simulation offers a practical solution for
repeatable benchmarking. Platforms such as CARLA [19]
and Blender [22] can synthesize photorealistic scenes with
configurable sensors (LiDAR, RGB, GPS, IMU) and
controllable noise models. These environments allow
rigorous testing of perception and mapping algorithms
before deployment to the field. In this context, our work
leverages CARLA Town 10 to emulate urban scenes and
Blender for high-quality image rendering, enabling
reproducible LiDAR—photogrammetry fusion experiments
and quantitative comparison of reconstruction and
registration accuracy.

3. Simulation Testbed and Dataset

Experiments were carried out in CARLA Town 10, a
realistic containing multi-story
buildings, road intersections, traffic signs, light poles,
benches, bus stops, and playground structures. This setting
provides diverse geometric and textural features for
evaluating  LiDAR-—photogrammetry  fusion  under
controlled conditions. A drone-based sensor platform was
simulated to acquire aerial data, ensuring wide-area
coverage and varied viewpoints. The sensor suite included
synchronized RGB, LiDAR, GPS, and IMU modules,
mounted on the virtual drone to emulate real-world survey
operations.

High-resolution RGB images were rendered using
Blender to generate visually consistent inputs for
photogrammetry. These images were reconstructed using
Nerfstudio (Nerfacto), producing NeRF-based point
clouds that represent the photogrammetric perspective of
the environment. The resulting NeRF reconstructions were
aligned with simulated LiDAR scans through the ICP
algorithm, enabling geometric fusion and performance
comparison in a shared coordinate frame.

The dataset provides synchronized RGB-LiDAR

urban environment
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sequences, corresponding 6-DoF ground-truth poses, and
NeRF reconstructions suitable for both training and
validation tasks. These assets collectively
reproducible analysis of reconstruction fidelity and
registration accuracy. Fig. 1 shows representative Town 10
views used for capture, Fig. 2 shows the visualization with
the CARLA simulator (point cloud), and Table I
summarizes the simulated sensor suite and dataset
organization.

allow

Figure 1. Representative views of CARLA Town 10 used for
data capture.

Figure 2. Town 10 point-cloud view used for geometric
evaluation.

Table 1. Summary of simulated sensors and dataset
composition

Sensor Modality Description Output
RGB .  High-quality Input for NeRF
Visual images rendered .
Camera . reconstruction
in Blender
Simulated
LiDAR Depth CARLA 3D Ground truth for
registration
geometry scans
Provides
GPS Position reference Pose alignment
coordinates
MU Motion Onentatlon_ and Tempc_)ral_
acceleration synchronization
4. Methodology

4.1. Photogrammetry via NeRF

Photogrammetric reconstruction was performed using
Nerfstudio (Nerfacto), trained on synthetic RGB images
rendered in Blender under controlled lighting. A subset of
frames was selected from each drone trajectory to ensure
diverse viewpoints and minimal motion blur. Camera
poses were derived directly from CARLA’s simulated
GPS/IMU data and refined through bundle adjustment
during NeRF optimization. The complete processing
workflow is illustrated in Fig. 3.

Frame Selection
and Camera Pose Export NeRF
Extraction point cloud

(GPS/IMU alignment)

NeRF
Reconstruction
(Nerfstudio)

!

‘ Pre-prdcessing

| (Denoising & Downsampling)

!

Cross-Modal ICP
Registration

!

Evaluation
Metrics

(Chamfer, C2C, RMSE,
Fitness, Runtime)

Figure 3. End-to-end LiIDAR—Photogrammetry fusion
framework.

The NeRF network used the standard volumetric
rendering equation as:

c@r) = ftif T(t) o(r(t)) c(r(®)) dt, (1)

where C(r) is the predicted pixel color along a camera
ray 1, o denotes volumetric density, and ¢ represents

emitted radiance, and T(t) = exp (— ) :n o(r(s)) ds) is

the accumulated transmittance.

Key configuration parameters included hidden layer
size (hidden_dim = 256), hash-grid depth (num_levels =
32), and adaptive ray sampling. Models were trained for
20,000 iterations using the Adam optimizer (Ir =1 X
1073 ), with exponential decay after 10,000 steps.
Denoising and voxel down-sampling were applied to
exported point clouds (voxel size = 0.02 m) to suppress
background noise before LiDAR alignment. A qualitative
example is shown in Fig. 4.

Figure 4. Qualitative NeRF reconstructions (Nerfacto): bench
and playground after architecture tuning.

Table 2 lists the NeRF
corresponding training settings.

configurations and
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Table 2. NeRF configurations compared

Config Hidden Num Comment
1D Dim Levels
A 128 16 Lower-capacity baseline
B 256 32 Best trade-off (reported)
C 512 32 Higher compute; marginal gain

4.2. Cross-Modal Registration (ICP)

To align NeRF-derived and LiDAR point clouds, we
employed the ICP algorithm. Each point cloud was pre-
processed by statistical outlier removal and normal
estimation. Coarse initialization was obtained using
centroids derived from GPS pose priors. ICP minimizes
the squared distance between corresponding points:

ER.t) =+ 2, |Ip; — (Rq; + )%, @)

where p; and q; denote LiDAR and NeRF points,
respectively, and ( R,t ) represent the rotation and
translation to be estimated.

A voxel resolution of 0.05 m was used for down-
sampling. Maximum correspondence distance was set to
0.1 m, with 10 iterations per run. Convergence was
declared when the change in mean-squared error dropped
below 10~¢ m? or pose-update norms fell below 107>,

4.3. Evaluation Metrics

Reconstruction Quality:

Accuracy between NeRF-reconstructed and LiDAR
ground-truth point clouds was measured using the
Chamfer distance as:

dep(P,Q) =

Yqeo Minyeplla-pll3. A3)

. 1
ZpEPmlanQ ||p'q ||% + m

and cloud-to-cloud (C2C) distances computed via
nearest-neighbor search.

Registration Accuracy:

After ICP, alignment performance was reported using
RMSE, fitness score (inlier ratio within correspondence
threshold), and runtime per iteration, along with
convergence curves.

Runtime and Convergence:

Training and inference times were recorded for each
NeRF configuration, while ICP convergence curves were
used to analyze stability across object categories (e.g.,
poles, benches, playgrounds).

5. Experiments
5.1. Ablation on NeRF Capacity and Sampling

We first analyzed how the NeRF network’s
representational capacity affects reconstruction and

subsequent LiDAR alignment. As described in Section V-
A, the parameters hidden _dim € {32,64,128,256,512} and
num_levels €  {32,64,128,256,512} were varied.
Increasing hidden_dim improved structural detail recovery
but incurred diminishing returns beyond 256 units. Fig. 5
illustrates this trend, showing that configuration B
(hidden_dim =256, num_levels = 32) achieved the lowest
Chamfer and C2C distances. This setup also yielded faster
and more stable ICP convergence, thus serving as the
baseline for subsequent experiments.

0.0175 Chamfer Distance ~ 18.0
C2C Distance

Z 0.0150 17.5
o best -17.0°¢g
3 0.0125+ =
& -165 3
% 0.0100F 5
a -16.0 4
@ 0.0075f a
‘% -15.5 Q
g F O
g 00030 -15.0

0.0025 -14.5

0.0000

A B C
NeRF Configuration

Figure 5. Reconstruction quality vs. NeRF configuration
(Chamfer & C2C).

5.2. Object-wise and Scene-wise Registration

For cross-modal registration, five representative urban
objects, trash can, pole, playground, road sign, and bench,
were evaluated. The NeRF point clouds reconstructed with
the optimal configuration (256/32) were aligned with the
corresponding LiDAR scans using ICP (10 iterations,
voxel = 0.05 m). Table III summarizes the object-wise
results, while Fig. 6 presents the ICP convergence curves
for “easy” (road sign, pole) and “hard” (playground,
bench) objects.

Table 3. Object-wise ICP Results

Initial Final . .
Object | RMSE | RMSE | 5 | F ‘(f%ss R“'(‘st)‘me
(m) (m)
Trash can 0.098 0.096 3 97.5 0.92
Pole 0.069 0.069 4 98.2 0.95
Playground 0.200 0.072 7 94.6 1.12
Road sign 0.035 0.034 6 99.1 0.87
Bench 0.150 0.133 4 96.3 0.98
easy (road sign / pole)
0.25} hard (bench / playground)
. 0.20¢
E
$h 0.15
=
o
0.10
0.05

T 2 3 4 5 6 7 8 9 10
Iteration

Figure 6. ICP convergence curves (RMSE vs. iteration) for

“easy” vs. “hard” objects.

As shown in Fig. 6, structured objects exhibit rapid error
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reduction and smooth convergence, whereas complex
geometries converge more slowly. Fig. 7(a—e) provides
visual overlays of the initial NeRF reconstruction and the
final LIDAR-NeRF alignment, highlighting the improved
correspondence achieved after ICP registration.

(a) (®) (©)

(d) (e)

Figure 7. (a—e) Per-object LIDAR-NeRF overlays (trash can,
pole, playground, road sign, bench).

5.3. Noise Sensitivity

To evaluate robustness under sensor perturbations,
simulated Gaussian noise was applied to LiDAR range and
GPS/IMU pose data at three levels (low, medium, high).
Table IV summarizes the averaged ICP performance under
each condition. At medium noise, RMSE increased by
roughly 11%, while high noise caused a 27% degradation
and a 2-iteration delay in convergence. Despite this,
denoised and voxel-downsampled NeRF inputs
maintained > 90% fitness, demonstrating that moderate

pre-processing reduces most noise-induced drift.

Table 4. ICP Results under Sensor Noise

. RMSE Fitness | Avg. .
Noise Level (m) (%) Tters Observation
1

Low 0071 | o78| 5| Stable
convergence

Medium 0.079 94.5 6 Minor drift

. SI

High 0090 | 912| 7 ower

convergence

6. Discussion and Limitations

The experiments revealed that network capacity and
pre-processing quality are the most influential factors for

improving LiDAR-NeRF alignment. Increasing the
hidden layer dimension to 256 and adjusting the hash-grid
depth yielded significantly lower Chamfer and C2C
distances. Normalization and voxel down-sampling before
ICP further enhanced convergence, reducing RMSE in
complex objects such as playground structures by over
60%. These findings confirm that reconstruction quality
directly governs registration stability.

Nevertheless, several failure cases emerged. NeRF
reconstructions degraded for textureless or reflective
surfaces, such as metal signs, and repetitive geometries
like poles often led to local minima during ICP. Fine
details, including thin structures, occasionally appeared
blurred due to limited sampling density, indicating a need
for adaptive ray sampling and improved surface
regularization.

A clear speed—accuracy trade-off was observed: higher-
capacity NeRFs improved alignment but increased
computation time. While suitable for controlled or offline
analyses, real-world applications may require lightweight
NeRF variants or partial fine-tuning for on-site mapping.
Additionally, the current pipeline was evaluated only in a
simulated CARLA environment; real-world data would
introduce challenges such as illumination variation,
occlusion, and sensor drift, requiring domain adaptation or
hybrid calibration strategies.

7. Conclusions

This work presented a controlled simulation framework
for evaluating LiDAR-photogrammetry fusion using
neural radiance fields (NeRF) and iterative closest point
(ICP) registration. Through systematic ablations on NeRF
capacity and pre-processing, we demonstrated that
moderate network scaling and voxel down-sampling
significantly  improve  alignment accuracy and
convergence speed. The proposed CARLA-based setup
enables reproducible benchmarking of reconstruction and
registration quality under varying noise levels and object
complexities. Future work will extend this framework to
small-scale real-world pilots, emphasizing robust global
initialization across large scenes and the integration of
uncertainty-aware ICP to handle real sensor variability and
dynamic lighting conditions.
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