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Abstract

LiDAR-based perception models’ performance can degrade sharply when applied to data from sensors different to those they were
trained on. LiDAR super-resolution aims to enhance sparse point clouds from low-cost sensors. This can help to bridge the sensor
domain gap to higher resolution LiDAR. Prior work has primarily focused on reconstruction quality metrics for super-resolution with
limited evaluation of downstream perception tasks. We address this gap by conducting a systematic analysis of how super-resolution
quality impacts 3D object detection performance. We evaluate detection capability through zero-shot transfer experiments on the
KITTI object dataset. Four representative detectors (SECOND, PointPillars, PV-RCNN, PointRCNN) trained on high-resolution
data are directly applied to super-resolved low-resolution data without fine-tuning. Results reveal a critical insight: reconstruction
improvements yield vastly different detection gains across architectures. PointPillars shows minimal improvement until reaching
high reconstruction quality, then performance improves significantly. In contrast, PV-RCNN exhibits steady gains throughout. The
highest-quality reconstruction closes up to 86% of the performance gap and enables detection in safety-critical scenarios, including
distant vehicles and small pedestrians, where lower-quality methods fail entirely. This work establishes that LiDAR super-resolution
effectiveness depends on both reconstruction quality and detector architecture.

1. Introduction

LiDAR has become one of the key sensors in autonomous driv-
ing (Abbasi et al., 2022, Karangwa et al., 2023), cultural her-
itage (Matrone et al., 2024, Pierdicca et al., 2020), forestry
(Böhm et al., 2016, Dai et al., 2018), urban planning (Grif-
fiths and Boehm, 2019, Sun et al., 2025), and robotics (Chen
et al., 2025). It provides reliable 3D structural information of
the environment. Tasks such as 3D object detection (Lang et
al., 2019, Shi et al., 2020, Shi et al., 2019, Yan et al., 2018, Goo
et al., 2025a) and scene understanding (Goo et al., 2024) rely
heavily on these spatial cues. High-resolution LiDARs, for ex-
ample 64-beam sensors, produce dense point clouds and lead to
strong perception performance. However, they remain expens-
ive and are difficult to deploy at scale. Low-resolution LiD-
ARs, such as 16 or 32 beam models, are cheaper and easier to
use (Ortiz Arteaga et al., 2019). Yet their sparse measurements
inevitably reduce perception accuracy.

Deploying high-resolution LiDAR at scale is not always feas-
ible. Autonomous vehicles, delivery robots, and mobile plat-
forms face cost, weight, and power constraints (Ortiz Arteaga
et al., 2019, Glennie and Hartzell, 2020). As a result, low-
resolution sensors remain attractive in practice. The downside
is that perception accuracy can drop in safety-critical scenarios.
For example, a model trained on a dense 64-beam sensor may
fail to detect small or distant objects when tested on sparse 16-
beam data (Goo et al., 2026). This motivates the need for ap-
proaches that reduce the gap between sensors without requiring
extensive retraining.

LiDAR-based perception models, such as 3D object detection,
often achieve strong performance when evaluated on data col-
lected from the same sensor used during training. However,
their performance can degrade sharply when applied to data
from different sensors (see Figure 1(a)). This performance
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Figure 1. Cross-sensor performance degradation in 3D object
detection and the effectiveness of LiDAR super-resolution. (a)

Detection mAP drops drastically on the KITTI dataset across all
difficulty levels with sparse point clouds. (b) Example of a
super-resolved dense point cloud reconstructed by FLASH

drop, often called the cross-sensor domain gap, is a practical
obstacle for robust LiDAR perception (Fang et al., 2024, Goo
et al., 2026). This issue is mainly due to discrepancies in sensor
resolution and vertical field of view. Such differences introduce
fundamental structural mismatches, rather than simple distribu-
tion shifts. If low-resolution LiDAR data can be transformed
into a representation that resembles high-resolution scans, the
cross-sensor gap can be reduced. In that case, models trained on
high-resolution data could be effectively reused across a wider
range of sensor configurations.

Several approaches have been proposed to address this issue.
Domain adaptation methods align feature distributions between
source and target domains (Yi et al., 2021), while domain gener-
alization builds models for unseen domains without target data
(Kong et al., 2025, Kim et al., 2023). However, these meth-
ods do not directly address structural gaps such as differences
in LiDAR resolution. It remains difficult to overcome perform-
ance loss caused by physical differences between sensors. Re-
cently, LiDAR super-resolution has been introduced as another
direction. It seeks to upsample sparse LiDAR scans into denser
forms. Most of this work has focused on reconstruction quality
or visual fidelity. The effect on downstream perception, espe-
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Figure 2. Cross-sensor evaluation pipeline. Low-resolution range images are upsampled through super-resolution models and
back-projected into 3D point clouds for evaluation by pre-trained object detectors. The fire icon denotes training; the snowflake icon

denotes no fine-tuning (pre-trained on high-resolution LiDAR data – KITTI object dataset).

cially for cross-sensor detection, has not been fully investigated.

In this paper we explore how 3D object detection performance
is affected by existing LiDAR super-resolution approaches.
LiDAR super-resolution can make low-cost sensors more com-
patible with models trained on high-resolution data (see Fig-
ure 1(b)). We focus on the 16-to-64 beam case and systemat-
ically evaluate its effect on 3D object detection. Notably, we
uncover a non-linear relationship between reconstruction qual-
ity and detection performance. Different detector models have
varying sensitivity to super-resolution improvements. The main
contributions of this paper are:

• Downstream-oriented evaluation of LiDAR super-
resolution: systematically compare how multiple super-
resolution methods serve as sensor domain adaptation for
zero-shot cross-sensor 3D object detection

• Evaluation protocol: establish a systematic benchmark
by evaluating state-of-the-art detection models on original,
artificially downsampled, and super-resolved point clouds
for fair cross-sensor comparison

• Experimental results: all evaluated super-resolution
methods improve 3D object detection, with gains scaling
with reconstruction quality

• Non-linear correlation analysis: we reveal that recon-
struction quality improvements do not translate linearly to
detection performance, with detector models showing dif-
ferent sensitivities

2. Related Works

2.1 LiDAR Perception Overview

LiDAR has become a central sensor in 3D perception research.
It provides dense point clouds and enables accurate estimation
of geometry and distance. As a result, LiDAR is widely used
for tasks such as 3D object detection, tracking, and scene un-
derstanding. Recent models, including PointPillars (Lang et
al., 2019), SECOND (Yan et al., 2018), PV-RCNN (Shi et al.,
2020) and PointRCNN (Shi et al., 2019), have shown strong
performance. However, most studies assume access to high-
resolution sensors, and performance degrades significantly in
low-resolution settings.

2.2 Cross-Sensor Problem & Domain Gap

LiDAR perception models achieve strong results when tested
on data from the same sensor used in training. However, accur-
acy drops sharply when applied to data collected by different
sensors. This degradation is caused by differences in resolution
and field of view. To mitigate this, many studies have explored
domain adaptation (Yi et al., 2021, Xu et al., 2025). These
methods reduce the distribution mismatch between source and
target domains. Yet they usually assume access to at least some
target data and do not resolve structural sensor differences. Do-
main generalization takes another approach. It aims to build
models that generalize to unseen domains without target data
(Kong et al., 2025, Kim et al., 2023). Techniques such as data
augmentation, meta-learning, and regularization have been ex-
plored. Still, they struggle to overcome the performance gap
created by variations in beam number and field of view.

2.3 Point Cloud Upsampling & LiDAR Super-Resolution

Point cloud interpolation and upsampling have been studied for
many years. Early methods relied on simple interpolation or
geometric constraints to fill sparse point sets. More recently,
deep learning approaches such as PU-Net (Yu et al., 2018) and
PU-GAN (Li et al., 2019) have enabled more sophisticated re-
construction. However, these methods target point cloud dens-
ification and do not account for the structured scan patterns of
LiDAR sensors.

Building on this, LiDAR super-resolution has been proposed
to transform low-resolution scans into denser representations.
LiDAR-SR (Shan et al., 2020) introduced one of the first deep
learning frameworks for LiDAR super-resolution, where sparse
scans are projected into range images and upsampled using
CNN-based networks. More recently, TULIP (Yang et al.,
2024) adapted the Swin Transformer (Liu et al., 2022) archi-
tecture for range image super-resolution. It introduced row-
based patching and non-square-window attention, specifically
designed for the extreme aspect ratios typical of LiDAR range
images, achieving state-of-the-art reconstruction performance
across multiple datasets. FLASH (Goo et al., 2025b) further
extended this line of work by incorporating frequency-domain
analysis into the attention mechanism and replacing standard
skip connections with multi-scale fusion, reporting improved
reconstruction fidelity on the KITTI dataset.
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These methods generate high-resolution point clouds from
sparse input, and typically evaluate quality using metrics such
as Chamfer Distance or Intersection over Union. However,
most existing work has focused on reconstruction fidelity rather
than downstream tasks. In particular, the question of whether
super-resolution can effectively reduce the cross-sensor per-
formance gap in 3D perception remains largely unanswered.

2.4 Research Gap

In summary, prior studies fall into two main directions. The
first focuses on domain adaptation and generalization, aim-
ing to reduce distribution differences. The second focuses on
point cloud upsampling and super-resolution, aiming to im-
prove density and reconstruction quality. However, neither dir-
ection directly addresses the structural gap created by differ-
ences in LiDAR resolution, nor does it evaluate the downstream
impact on perception. This paper fills this gap. We evaluate
LiDAR super-resolution as a strategy to reduce the cross-sensor
performance drop and systematically validate its effectiveness
through 3D object detection experiments.

3. Methodology

3.1 Problem Formulation

Given a low-resolution LiDAR point cloud Pl ∈ Rnl×3 with
Hl vertical channels, we generate a high-resolution point cloud
Ph ∈ Rnh×3 with Hh = 4 · Hl channels. We transform this
3D upsampling into 2D super-resolution by projecting the point
cloud onto a range image Il ∈ RHl×W using spherical projec-
tion with logarithmic transformation log(r + 1).

LiDAR super-resolution models predict a high-resolution range
image Ih ∈ RHh×W from Il, where Hh = 4Hl for 4× up-
sampling. Training minimizes L1 loss:

L = ∥Ih − Îh∥1 (1)

where Îh denotes the network prediction.

3.2 Cross-Sensor Evaluation Framework

Our evaluation framework simulates a practical deployment
scenario: a perception system trained on high-resolution
LiDAR data must operate with a lower-cost sensor. Figure 2
illustrates the overall pipeline. We construct a three-stage eval-
uation: (1) simulate a cross-sensor gap by downsampling high-
resolution point clouds, (2) apply super-resolution methods to
recover spatial density, and (3) evaluate pre-trained 3D object
detectors on the resulting point clouds without any fine-tuning.

This zero-shot transfer setting is critical for practical relevance.
In real-world deployments, retraining detectors for every new
sensor configuration is infeasible. Instead, super-resolution acts
as a sensor-agnostic preprocessing step that transforms low-
resolution inputs into representations compatible with mod-
els trained on high-resolution data. By keeping the detectors
frozen, we isolate the effect of reconstruction quality on detec-
tion performance.

3.3 LiDAR Super-Resolution Methods

We evaluate three representative LiDAR super-resolution ap-
proaches that span different architectural paradigms:

LiDAR-SR (Shan et al., 2020) employs a CNN-based U-Net
to upsample range images. It introduces Monte Carlo Dropout
during inference to filter uncertain predictions at object bound-
aries.

TULIP (Yang et al., 2024) adapts the Swin Transformer ar-
chitecture for range image super-resolution. It uses row-based
patching and non-square window attention designed specific-
ally for the extreme aspect ratios of LiDAR range images.

FLASH (Goo et al., 2025b) extends TULIP with two compon-
ents: Frequency-Aware Window Attention, which combines
spatial attention with FFT-based global frequency analysis, and
Adaptive Multi-Scale Fusion, which replaces standard skip con-
nections with learned position-specific feature aggregation.

3.4 3D Object Detection Models

To assess how different detector architectures respond to super-
resolved inputs, we select four models that represent distinct
design paradigms for processing 3D point clouds:

PointPillars (Lang et al., 2019) discretises the point cloud into
vertical pillars and encodes each with a simplified PointNet
(Qi et al., 2017a). This pillar-based representation prioritises
computational efficiency but depends on sufficient point dens-
ity within each pillar for reliable feature extraction.

SECOND (Yan et al., 2018) converts the point cloud into a
sparse 3D voxel grid and applies sparse convolutions. Its voxel-
based approach balances efficiency and spatial resolution, but
voxel occupancy is directly affected by input point density.

PointRCNN (Shi et al., 2019) operates directly on raw points
without voxelisation, using PointNet++ (Qi et al., 2017b) for
feature extraction followed by a two-stage refinement. This
point-based design is sensitive to the spatial distribution and
completeness of the input point cloud.

PV-RCNN (Shi et al., 2020) combines voxel-based and point-
based representations through a keypoint aggregation module.
By fusing both representations, it can leverage complement-
ary information at multiple spatial scales, making it potentially
more robust to variations in point density.

These four detectors are trained exclusively on high-resolution
64-beam point clouds. At inference, they receive inputs
from different sources (low-resolution, super-resolved, or high-
resolution) without any adaptation or fine-tuning.

4. Experimental Results

4.1 Experimental Settings

Dataset and Preprocessing. We conduct experiments on the
KITTI dataset (Geiger et al., 2012), which contains LiDAR
scans from a Velodyne HDL-64E sensor. We use 3,712 point
clouds for training and evaluate on 3,769 validation samples
with ground truth annotations. To simulate low-resolution
sensors, we downsample the original 64-channel scans by 4× to
create 16-channel inputs. Following common practice in range
image processing, we apply logarithmic scaling log(r + 1) to
the range values, which helps stabilize training by compressing
the distribution of distant points.

Training Details. All super-resolution models are trained
on the same KITTI splits using L1 loss for fair comparison.
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Method MAE ↓ CD ↓ IoU ↑ F1 ↑

LiDAR-SR 0.7739 0.3226 0.2231 0.3521
TULIP 0.4357 0.1356 0.3862 0.5439
FLASH 0.3951 0.1121 0.4001 0.5682

Table 1. Overall reconstruction performance comparison with
existing models on KITTI dataset

LiDAR-SR (Shan et al., 2020) uses the Adam optimiser with
a learning rate of 10−4 and a decay factor of 10−5 per epoch.
TULIP (Yang et al., 2024) and FLASH (Goo et al., 2025b) both
adopt the AdamW optimiser with cosine annealing and warm
restarts. For the 3D object detectors, we use the pre-trained
weights provided by OpenPCDet (OpenPCDet Development
Team, 2020), trained exclusively on high-resolution 64-beam
KITTI data. No detector is fine-tuned on super-resolved out-
puts. All experiments are trained and tested on two NVIDIA
A6000 GPUs (48GB).

Evaluation Metrics. We evaluate using complementary met-
rics that assess both reconstruction quality and downstream task
performance. For super-resolution quality, we measure Mean
Absolute Error (MAE) on range images, Chamfer Distance
(CD) for 3D geometric fidelity, and Intersection over Union
(IoU) computed on voxelized point clouds at 0.1 m resolution.
We also report F1-score to quantify point cloud completeness.
To evaluate practical utility, we measure 3D object detection
performance using mean Average Precision (mAP3D), which
computes the average precision across object classes at an IoU
threshold of 0.7 for bounding box overlap. To quantify how ef-
fectively super-resolution bridges the cross-sensor performance
gap, we define the gap closure rate:

Gap Closure =
mAPSR − mAPlow

mAPhigh − mAPlow
× 100% (2)

where mAPSR, mAPlow, and mAPhigh denote the detection
performance on the super-resolved, low-resolution, and high-
resolution LiDAR point clouds, respectively.

4.2 LiDAR Super-Resolution Performance

Before analysing detection outcomes, we first compare the three
super-resolution methods in terms of reconstruction quality, as
this establishes the varying levels of point cloud fidelity that
detectors will subsequently receive as input.

4.2.1 Quantitative Analysis Table 1 summarises recon-
struction quality across the three super-resolution methods.
FLASH achieves the lowest error across all metrics, fol-
lowed by TULIP and LiDAR-SR. The gap between CNN-based
LiDAR-SR and the transformer-based methods is substantial:
FLASH reduces MAE by 51% and nearly doubles IoU relative
to LiDAR-SR, while the margin between FLASH and TULIP is
smaller but consistent (10% lower MAE, 13% lower Chamfer
Distance). These reconstruction differences establish the basis
for analysing how varying levels of point cloud fidelity translate
to downstream detection performance in Section 4.3. Detailed
architectural analysis and ablation studies are provided in (Goo
et al., 2025b).

4.2.2 Qualitative Analysis Figure 3 illustrates reconstruc-
tion quality on three challenging KITTI scenarios, comparing
super-resolution methods against high-resolution ground truth.

Low 
Resolution

(Input)

LiDAR-SR

TULIP

FLASH

High 
Resolution

(GT)

(a) (b) (c)

Figure 3. Comparison of reconstruction quality across
super-resolution methods, showing differences in noise

suppression (a), detail recovery (b), and edge preservation (c).

Figure 3 (a) examines noise handling near the sensor mounting
area. While the original low-resolution input and ground truth
show clean point clouds, super-resolution methods introduce
different artifacts. LiDAR-SR generates substantial circular ar-
tifacts, TULIP reduces these but still produces scattered noise,
while FLASH achieves the cleanest reconstruction closest to
ground truth.

Figure 3 (b) focuses on a van’s rear window, where thin geomet-
ric structures challenge reconstruction methods. The window
frame, barely visible in the low-resolution input, becomes clear
in the ground truth. LiDAR-SR blurs this area entirely, los-
ing frame definition. TULIP over-smooths the structure, mer-
ging the frame with surrounding surfaces. FLASH recovers the
window geometry most accurately among the three methods,
maintaining thin boundary definition that both LiDAR-SR and
TULIP fail to preserve.

Figure 3 (c) evaluates edge preservation on large vehicles such
as trucks, where sharp boundaries between vehicle and back-
ground are critical for detection. LiDAR-SR blurs vehicle
edges substantially, creating ambiguous boundaries. TULIP
tends to over-smooth vertical surfaces, blurring sharp bound-
aries. FLASH maintains sharp discontinuities.

Across all scenarios, FLASH produces reconstructions closest
to high-resolution ground truth, avoiding noise generation while
recovering fine details and preserving sharp boundaries. These
qualitative observations align with the reconstruction metrics
reported in Table 1.
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Easy Moderate Hard
Models Method mAP3D gap closure mAP3D gap closure mAP3D gap closure

PV-RCNN

High Resolution 68.21 - 49.83 - 45.03 -
Low Resolution 14.33 - 12.69 - 11.60 -

LiDAR-SR 21.60 +13.49% 15.91 +8.67% 13.17 +4.70%
TULIP 55.08 +75.63% 39.00 +70.84% 34.93 +69.79%

FLASH 61.11 + 86.82% 42.69 + 80.78% 39.03 + 82.05%

SECOND

High Resolution 71.34 - 51.97 - 49.34 -
Low Resolution 11.96 - 9.37 - 9.38 -

LiDAR-SR 20.38 +14.18% 16.69 +17.18% 15.38 +15.01%
TULIP 47.24 +59.41% 31.96 +53.03% 27.88 +46.30%

FLASH 56.98 +75.82% 40.26 +72.51% 30.22 +52.15%

PointRCNN

High Resolution 70.16 - 49.88 - 47.76 -
Low Resolution 8.23 - 6.17 - 6.14 -

LiDAR-SR 14.81 +10.62% 12.71 +14.97% 12.49 +15.25%
TULIP 41.26 +53.34% 30.51 +55.70% 25.98 +47.67%

FLASH 52.86 +72.06% 40.33 +78.15% 34.40 +67.90%

PointPillars

High Resolution 65.97 - 49.50 - 44.59 -
Low Resolution 12.33 - 10.53 - 9.35 -

LiDAR-SR 20.11 +14.50% 15.86 +13.68% 14.42 +14.38%
TULIP 42.29 +55.87% 30.15 +50.35% 25.53 +45.92%

FLASH 57.87 +84.90% 39.82 +75.17% 32.15 +64.71%

Table 2. Comparison of 3D object detection performance (mAP) using different LiDAR super-resolution methods. All models are
trained on high-resolution point clouds. At inference, predictions are obtained on low-resolution inputs with and without

super-resolution methods (LiDAR-SR, TULIP, FLASH). Results are evaluated on KITTI validation set with four detectors
(PV-RCNN, SECOND, PointRCNN, PointPillars) across three difficulty levels. The gap closure metric represents the recovery rate

from low-resolution to high-resolution performance.

Figure 4. Reconstruction metrics versus detection performance
for the two detectors showing the most distinct patterns:
PV-RCNN (green) and PointPillars (red). Left: IoU vs

mAP@0.7. Right: F1 vs mAP@0.7. PV-RCNN exhibits steady,
near-linear improvement across super-resolution methods.

PointPillars, however, shows accelerating performance gains as
reconstruction quality improves.

4.3 3D Object Detection Performance

While reconstruction metrics measure point cloud quality, the
ultimate value of LiDAR super-resolution lies in its impact on
downstream perception tasks. To evaluate this practical utility,
we assess detection performance in a zero-shot transfer setting
that simulates real-world deployment scenarios. We train four
representative 3D object detectors: SECOND, PointPillars, PV-
RCNN, and PointRCNN, exclusively on high-resolution ground
truth data from KITTI. These trained models are then directly
applied to predict objects from various inputs: the original
low-resolution scans, outputs from LiDAR-SR, TULIP, and

FLASH, and high-resolution ground truth as an upper bound.

We evaluate detection across three object categories: Car,
Pedestrian, and Cyclist, following KITTI’s standard difficulty
levels (Easy, Moderate, Hard). These levels reflect increasing
detection challenges based on object occlusion, truncation, and
distance: Easy includes fully visible, nearby objects; Moderate
extends to partially occluded cases; Hard encompasses heavily
occluded or distant objects with sparse point coverage. We re-
port Average Precision at 3D IoU threshold of 0.7 (AP3D@0.7)
across all difficulty levels.

4.3.1 Quantitative Analysis Table 2 presents detection per-
formance across four architectures and three difficulty levels.
The results validate our core hypothesis: LiDAR super-
resolution effectively bridges the performance gap between
low-cost and high-end sensors. FLASH achieves 52-86%
gap closure toward high-resolution ground truth, followed by
TULIP (45-75%) and LiDAR-SR (4-17%).

On Hard difficulty, where the super-resolution impact is most
practically relevant, all detectors show substantial gains with
higher-quality reconstruction. PV-RCNN improves from 11.60
to 39.03 AP (82.05% gap closure), SECOND from 9.38 to
30.22 (52.15%), PointRCNN from 6.14 to 34.40 (67.9%), and
PointPillars from 9.35 to 32.15 (64.71%) when using FLASH
outputs. These gains significantly exceed those of TULIP and
LiDAR-SR across all detectors.

The performance advantage of higher-quality super-resolution
becomes more pronounced as difficulty increases. On Easy
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Figure 5. 3D object detection comparison across LiDAR super-resolution methods. Detection results on (a)-(d) four challenging
scenes. Bounding boxes with class labels overlay the point clouds: Car, Pedestrian, Cyclist. Red boxes highlight regions where

detection outcomes differ across methods.

tasks, both FLASH and TULIP achieve strong gap closure
(86.82% vs 75.63% for PV-RCNN). However, on Hard dif-
ficulty, the margin widens: FLASH maintains 82.05% while
TULIP drops to 69.79%. Notably, only the highest-quality re-
construction consistently achieves over 50% gap closure across
all detectors on Hard difficulty. LiDAR-SR remains below 18%
regardless of difficulty, suggesting that CNN-based reconstruc-
tion does not reach the fidelity threshold needed for meaningful
detection improvement.

Different detector architectures exhibit distinct sensitivity pat-
terns to reconstruction quality. Figure 4 illustrates this rela-
tionship for the two most contrasting cases. PV-RCNN scales
near-linearly with reconstruction improvements, benefiting in-
crementally at every quality level due to its hybrid point-voxel
feature extraction. In contrast, PointPillars shows minimal im-
provement with LiDAR-SR and TULIP outputs, then gains
sharply with FLASH. This threshold behaviour reflects the
pillar-based encoding’s dependence on minimum point dens-
ity: below a critical density, pillars contain too few points for
reliable feature extraction, but once this threshold is crossed,

detection performance improves rapidly. These non-linear pat-
terns confirm that the relationship between reconstruction qual-
ity and detection performance is architecture-dependent, and
that evaluation on a single detector would miss this important
characteristic.

4.3.2 Qualitative Analysis Figure 5 illustrates detection
performance across four challenging scenarios, visualised us-
ing PV-RCNN to show how reconstruction quality translates to
detection capability.

Figure 5 (a) examines distant car detection. The vehicle ap-
pears in the far background with minimal point coverage in
the low-resolution input. Neither the low-resolution input nor
the LiDAR-SR output provides sufficient geometric informa-
tion for detection. TULIP successfully detects the vehicle but
produces a misaligned bounding box with an incorrect head-
ing angle. FLASH detects the car with pose accuracy matching
the high-resolution ground truth, suggesting that higher recon-
struction fidelity preserves the geometric structure needed for
accurate localisation at range.
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Figure 5 (b) and (d) focus on pedestrian detection, the most
safety-critical scenario in autonomous driving. Pedestrians
present small targets with sparse point coverage, making them
exceptionally challenging on super-resolved data. In both
scenes, low-resolution input, LiDAR-SR, and TULIP all fail to
detect the pedestrian, while FLASH and high-resolution ground
truth succeed. The consistency across both scenes indicates that
fine geometric detail preservation is essential for small object
detection, and that a quality gap exists between TULIP-level
and FLASH-level reconstruction for this task.

Figure 5 (c) presents two partially occluded cyclists, combining
small size with complex non-convex geometry. Low-resolution
input and LiDAR-SR detect neither cyclist. TULIP finds one
but misses the second, suggesting that moderate reconstruc-
tion quality is insufficient to separate closely spaced instances.
FLASH detects both, matching high-resolution performance.
This result indicates that boundary-preserving reconstruction is
critical for distinguishing adjacent objects.

Across all scenarios, detection capability correlates directly
with reconstruction quality. The qualitative examples reinforce
the quantitative findings in Table 2: the highest-fidelity recon-
struction consistently enables detection in cases where lower-
quality methods fail, particularly for distant vehicles, small
pedestrians, and occluded cyclists that are most relevant to
autonomous driving safety.

5. Limitations

This study has several limitations. First, all evaluated super-
resolution methods operate on range images with fixed resolu-
tion (H×W ), which constrains the maximum point density that
can be reconstructed. Methods that directly predict 3D points
could potentially overcome this grid-based ceiling, but are not
yet competitive for LiDAR super-resolution at this scale.

Second, the super-resolved point clouds contain only geometric
information (xyz coordinates) without intensity values. Since
several detectors leverage intensity for classification, particu-
larly for distinguishing pedestrians from background clutter, the
absence of this channel may underestimate the full potential of
super-resolution as a domain adaptation strategy.

Third, our cross-sensor gap is simulated through uniform down-
sampling of 64-beam data to 16 beams. Real low-resolution
sensors differ not only in beam count but also in vertical field
of view, beam spacing, and noise characteristics. Validation on
physically distinct sensor pairs would strengthen the generalis-
ability of our findings.

6. Conclusion

We presented a systematic evaluation of how LiDAR super-
resolution quality impacts 3D object detection in a cross-sensor
transfer setting. By applying four representative detectors to
super-resolved point clouds without fine-tuning, we isolated the
relationship between reconstruction fidelity and downstream
perception performance.

Our analysis reveals three key findings. First, super-resolution
effectively bridges the cross-sensor domain gap, with the best-
performing method closing up to 86% of the performance gap
relative to high-resolution ground truth. Second, reconstruction

improvements do not translate uniformly to detection gains: de-
tector architectures exhibit distinct sensitivity patterns, ranging
from near-linear scaling to threshold-like behaviour depending
on their point cloud encoding strategy. Third, the advantage
of higher-quality super-resolution becomes more pronounced
at harder difficulty levels, where occlusion and distance com-
pound the challenges of sparse input.

These findings suggest that strategic pairing of super-resolution
methods and detector architectures is essential for deploying
low-cost LiDAR sensors in safety-critical applications. Future
work should extend this evaluation framework to additional per-
ception tasks such as semantic segmentation and multi-object
tracking, and validate the observed patterns on real cross-sensor
data beyond simulated downsampling.
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Böhm, J., Bredif, M., Gierlinger, T., Krämer, M., Lindenberg,
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