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Abstract—3D object detection is a critical task in autonomous
driving. However, LiDAR-based detectors suffer severe per-
formance degradation when point clouds become extremely
sparse due to cost-effective hardware constraints, long-range
attenuation, or environmental signal degradation. While fusing
monocular images with sparse LiDAR data is a viable solution
to bridge this resolution gap, existing methods often confuse
high-frequency textures with low-frequency geometric structures,
leading to blurred object boundaries and reduced detection
accuracy. We propose a 3D detection framework specifically
designed for extremely sparse scenarios (e.g., 1% density). Its
core is the Dynamic Frequency Guidance (DFG) module. This
module decouples and selectively fuses high- and low-frequency
information through content-adaptive filtering, enabling more
accurate depth reconstruction even with minimal point cloud
data. The resulting dense depth map is converted into pseudo-
LiDAR data, which can be directly fed into existing detectors.
On the KITTI benchmark, when only 1% of LiDAR points
are available, our method achieves AP3D scores of 41.92%,
23.70%, and 18.73% for easy, moderate, and hard settings.
Notably, this represents a substantial gain of 12.03% AP3D in
the moderate setting over the baseline PV-RCNN, verifying our
method’s capability to recover detailed geometry from extremely
sparse inputs.

Index Terms—3D Object Detection, Multi-modal Fusion, Depth
Completion, Pseudo-LiDAR

I. INTRODUCTION

3D object detection is essential for autonomous driving
perception systems. It aims to provide accurate 3D information
about surrounding objects, including their semantics, positions,
sizes, and orientations. This fine-grained spatial awareness is
critical for vehicle decision-making, planning, and control.

Recently, significant progress has been made in 3D ob-
ject detection research. Existing approaches can be broadly
categorized into RGB-based, LiDAR-based, and multi-modal
methods. Among these, LiDAR-based approaches have be-
come dominant [1]–[4] due to their ability to provide precise
geometric measurements. However, reliance on dense point
clouds limits scalability. In practical applications, the effective
point density is often compromised by hardware constraints,
distance-dependent sparsity, and signal degradation from en-
vironmental factors [5]. In these scenarios, LiDAR fails to
capture sufficient structural details, while monocular cameras
often retain dense semantic and textural information. There-
fore, ensuring robust detection performance under extremely
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sparse conditions (e.g., with only 1% valid points) by leverag-
ing the complementary strengths of visual data is crucial for
the safety and reliability of autonomous driving systems.

To address sparsity, monocular 3D detection [6]–[8] offers
a low-cost alternative but suffers from poor localization due
to the lack of precise depth. While fusing RGB images with
sparse LiDAR [9], [10] is a promising direction, existing meth-
ods often indiscriminately mix high-frequency textures with
low-frequency geometric structures in the feature space. This
leads to feature interference and blurred object boundaries,
ultimately degrading detection performance.

To this end, we propose a 3D object detection method
based on monocular cameras and extremely sparse LiDAR.
Our method first employs a depth completion network to
generate a dense depth map using the RGB image and the
extremely sparse LiDAR. Considering that inaccurate depth
information at edges leads to pseudo-LiDAR distortion, we
introduce a dynamic frequency guidance strategy to refine the
depth map using rich semantic information from the RGB
image. Subsequently, the dense depth map is converted into
pseudo-LiDAR. A LiDAR-based detector is used to predict
3D information from pseudo-LiDAR points. To validate the
effectiveness of our approach, we conduct evaluations on both
the single-stage detector PointPillars [3] and the two-stage
detector PV-RCNN [2].

We evaluated the proposed method on the KITTI dataset.
On the KITTI test set, with an input density of only 1%,
our method achieves 41.92%, 23.70%, and 18.73% of AP3D

in easy, moderate and hard settings. With PV-RCNN as
the downstream detector, our method substantially improves
AP3D under the 1% setting on KITTI. It demonstrates the
sound performance of our approach in degenerate scenarios.

The main contributions are summarized as follows:

• We propose a 3D detection framework specifically de-
signed to operate effectively under extremely sparse Li-
DAR (e.g., 1%) conditions by leveraging monocular RGB
guidance.

• We introduce a Dynamic Frequency Guidance (DFG)
module that separates and selectively fuses high- and
low-frequency features to refine depth and preserve sharp
object boundaries.

• We conduct a systematic robustness study across varying
LiDAR density levels, verifying that our method remains



robust at 1% density and stable across the full range of
density conditions.

II. RELATED WORK

A. Depth Completion

RGB-guided depth completion aims to predict dense depth
from sparse input by using the semantics and textures of RGB
images. Under extreme sparsity, however, depth provides weak
geometric constraints, making models increasingly dependent
on RGB to infer fine structures (e.g., object boundaries).
Existing methods struggle to disentangle these textural arti-
facts from genuine geometric boundaries during fusion, often
resulting in depth maps with blurred boundaries.

To mitigate this, PENet [11] employs a dual-branch design
to estimate depth from RGB and sparse depth separately.
GuideNet [12] introduces guided dynamic filters for cross-
modal fusion but incurs heavy computation due to large
parameterization. Wang et al. [13] propose decomposed guided
dynamic filters to improve efficiency and accuracy. Neverthe-
less, these approaches typically mix frequency components in-
discriminately within the feature space, and their performance
remains limited when depth input becomes extremely sparse.

To further sharpen boundaries, spatial propagation net-
works (SPNs) [14]–[18] refine an initial depth map via it-
erative affinity-based propagation. However, propagation is
often decoupled from feature fusion, which hinders end-to-
end optimization of global structure. Recently, Yan et al. [19]
reformulated depth completion as a degradation-recovery task
and selectively enhance high-frequency cues, but still do not
explicitly disentangle geometric edges from semantic textures.

B. LiDAR-Based 3D Detection

LiDAR-based 3D object detection methods have progressed
significantly. Grid-based methods, such as VoxelNet [20] and
SECOND [4], encode point clouds into voxels and apply 3D
or sparse convolutions for efficient feature extraction. PointPil-
lars [3] further optimizes efficiency by projecting points into
vertical pillars. Conversely, point-based methods [21]–[23]
directly process raw point clouds via hierarchical sampling
to preserve precise geometry, though often at a higher compu-
tational cost. To balance efficiency and accuracy, 3DSSD [21]
introduces a fusion sampling strategy, while PV-RCNN [2] in-
tegrates voxel-based abstractions with point-based set abstrac-
tion to enhance RoI feature representation. These geometry-
dependent networks suffer severe performance degradation
when the input density drops to extremely low levels (e.g.,
1%), as the sparse points fail to capture sufficient structural
details.

To compensate for sparsity, multi-modal fusion has been
extensively explored. Point-level fusion approaches [24]–[26]
decorate LiDAR points with image features but remain sensi-
tive to calibration errors. BEVFusion [27] lifts image features
into a shared Bird’s-Eye-View (BEV) space for dense fu-
sion, significantly improving global perception. Additionally,
SFD [28] enhances robustness by fusing sparse LiDAR points
with dense pseudo-points. However, these methods depend

heavily on the density of the input point cloud. Pseudo-LiDAR
frameworks [29], [30] offer a potential solution by trans-
forming depth predictions into 3D point cloud representations
for detection. Consequently, under sparse LiDAR conditions,
generating depth maps with sharp edges and accurate geometry
during the depth completion stage is crucial for improving 3D
detection performance.

III. METHODOLOGY

Our overall framework is illustrated in Fig. 1. It primarily
consists of two stages: (1) Depth Completion, which gen-
erates a dense depth map by fusing an RGB image with a
sparse LiDAR scan. (2) LiDAR-based detector, where the
dense map is projected into a pseudo-LiDAR point cloud using
camera intrinsics. The point cloud is then fed into a LiDAR-
based 3D object detection network to obtain 3D bounding
boxes. These two stages are trained separately and connected
during the inference process.

A. Depth Completion

To bridge the resolution gap between dense RGB images
and sparse LiDAR measurements, we employ an asymmetric
dual-branch network architecture. As illustrated in Fig. 1, the
RGB branch extracts multi-scale semantic features, which are
progressively integrated into the depth branch to guide den-
sification. Unlike methods that rely on simple concatenation,
which indiscriminately mixes RGB textures with geometric
structures, our approach ensures a more structured integration.
We introduce the Dynamic Frequency Guidance (DFG) mod-
ule, which comprises two core components. First, the Dynamic
Frequency Decoupling (DFD) module explicitly decouples
features into high- and low-frequency components, ensuring
that textural noise does not corrupt geometric consistency.
Subsequently, a Selective Frequency Fusion (SFF) module
adaptively recombines these components via multi-scale at-
tention, prioritizing high-frequency details at boundaries while
preserving depth priors in smooth regions.

1) Dynamic Frequency Decoupling. The DFD module
is illustrated in Fig.3. It takes guidance features fri ∈
RCr×Hr×W r

from the RGB decoder and depth features fedi ∈
RCd×Hd×Wd

from the depth encoder as input. First, we fuse
them via a standard convolution to obtain an initial represen-
tation ff ∈ RCf×Hf×W f

. To disentangle structural geome-
try from textural details, we propose a Dynamic Frequency
Decoupling strategy. Since pixel-wise dynamic filters impose
prohibitive memory costs of O(Hf × W f × k2 × Cf ), we
devise a “spatially-shared, channel-grouped” mechanism. This
design generates scene-adaptive kernels shared across spatial
locations, while reducing the parameter cost to O(g × k2).

Specifically, we divide the Cf channels into g groups
(where g ≪ Cf ) and generate a shared k × k kernel for
each group. An auxiliary network generates the low-pass filter
weights Wd ∈ Rg×k2×1×1 from the global context vector v,
obtained through Global Average Pooling (GAP):

v = G(ff ), (1)
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Fig. 1. Our whole framework. It consists of two stages: (1) depth map prediction and (2) LiDAR-based 3D detection. The depth completion network contains
the RGBNet and DepthNet branches, and their multi-scale features are fused through the proposed method.
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Fig. 2. Visualization of the Dynamic Frequency Decoupling. We average
the feature maps along the channel dimension to illustrate the aggregated
response intensity. Given an input RGB image and a sparse depth map, the
proposed DFG module separates low-frequency signals (representing smooth
regions of global depth structure) from high-frequency signals (corresponding
to sharp edges of object boundaries). This demonstrates that the module learns
to focus on structural cues, which are crucial for accurate depth completion
and downstream 3D detection.

Wd = Softmax (BN (Ca(v)⊙ σ (Cg(v)))) , (2)

where v ∈ RCf×1×1, Ca and Cg denote 1× 1 convolutions, σ
is the Sigmoid function, and the Softmax ensures the weights
act as a normalized smoothing operator.

We define the decoupling process as a complemen-
tary decomposition. The low-frequency component flow ∈
RCf×Hf×W f

(representing smooth geometric surfaces) is ob-
tained by applying this learnable smoothing operator, while the
high-frequency component fhigh ∈ RCf×Hf×W f

(capturing
sharp edges and textures) is derived as the residual:

flow = Wd ⊛ ff , fhigh = ff − flow, (3)

where ⊛ denotes the grouped convolution. As visualized in
Fig. 2, this decomposition effectively isolates structural cues
in flow while highlighting high-frequency boundaries in fhigh.

2) Selective Frequency Fusion. Since frequency contribu-
tions vary spatially, simple summation is suboptimal. There-
fore, we introduce the Selective Frequency Fusion (SFF)
module to adaptively recombine them into the final feature

frd ∈ RCf×Hf×W f

. After concatenating the high- and low-
frequency components into flh ∈ R2Cf×Hf×W f

, we apply
multi-scale spatial attention. We use dilated convolutions with
rates d ∈ {1, 3, 5} to enlarge receptive fields, which allows us
to aggregate distant geometric context and mitigate sparsity
when generating the spatial weight map ms ∈ R1×Hf×W f

.
Meanwhile, we compute channel weights mc ∈ RCf×1×1

to suppress redundancy. Finally, the fused representation is
obtained by dynamically re-weighting components via the
mask M ∈ RCf×Hf×W f

:

M = mc ⊙ms, (4)

frd = M⊙ fhigh + (1−M)⊙ flow, (5)

This achieves a balance between high-frequency detail en-
hancement and low-frequency semantic preservation.

B. LiDAR-based detector

1) Pseudo-LiDAR points generation. Each pixel (u, v) and
its depth value d(u, v) in the depth map is back-projected into
3D space using the camera intrinsics, thereby reconstructing
3D points. The specific coordinate transformation formula is
as follows:

x =
u− cu
fu

× z, y =
v − cv
fv

× z, z = d(u, v). (6)

where (cu, cv) denotes the principal point coordinates of the
camera, and fu, fv represent the focal lengths in the horizontal
and vertical directions, respectively. Applying this operation
to all pixels on the depth map, we obtain a 3D point cloud
{(x(n), y(n), z(n))}Nn=1, where N is the total number of pixels.

2) Processing and Detection. To ensure compatibility with
standard LiDAR detectors, we align the pseudo-LiDAR dis-
tribution with real LiDAR data through two post-processing
steps. First, following [31], we remove all points higher than
1 m above the sensor to filter out irrelevant overhead outliers
(e.g., traffic signs) on the KITTI benchmark. Second, since the
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Fig. 3. Dynamic Frequency Guidance (DFG) module. Given RGB features and sparse depth features, DFG decomposes them into low-frequency and high-
frequency components, applies dynamic filtering and selective fusion, and produces a frequency-enhanced depth representation that preserves global structure
while sharpening object boundaries.

depth completion network does not infer material properties,
we pad the missing reflectance dimension with a constant
value of 1.0. Finally, the processed point cloud is directly fed
into off-the-shelf 3D detectors. In this work, we employ both
PointPillars [3] and PV-RCNN [2] to validate the effectiveness
of our framework.

IV. EXPERIMENTS

A. Implementation Details

1) Depth Completion Network. Our depth completion net-
work is implemented based on the PyTorch framework and
trained on a single NVIDIA GeForce RTX 4090 GPU. All
experiments are conducted using the AdamW optimizer with
β1 = 0.9, β2 = 0.999, and we employ L2 loss during training.
The batch size is set to 8, and the initial learning rate is
10−3. The learning rate is reduced by 50% every 5 epochs.
We train our depth completion network for a total of 30
epochs. To improve the model’s robustness to point cloud
density, we introduce a practical random masking strategy
during the training phase, randomly dropping 0% to 95%
of valid depth points to simulate varying degrees of density.
For the downstream 3D object detection task, we fix the
input LiDAR densities (1%, 6%, 8%, 10%, and 12%) through
uniform sampling, infer dense depth maps, and back-project
them to pseudo-LiDAR point clouds for detection.

2) 3D Object Detection. To ensure a fair comparison, we
implement and retrain all baseline methods using the official
OpenPCDet [32] codebase. Since the performance of these
methods under extremely sparse point cloud conditions is
not readily available in existing literature, we conduct all
experiments using uniform settings provided by this standard
framework to guarantee consistent evaluation.

B. Datasets and Evaluation Metrics
1) KITTI Depth Completion Dataset. We use the KITTI

depth completion dataset [33] to train the first-stage network.
This dataset contains sparse depth maps collected by a Velo-
dyne 64-line LiDAR and their corresponding RGB images.
The ground truth depth maps are generated by accumulating 11
consecutive LiDAR scans. Following the settings of existing
depth completion methods, we use 86k images to train our
network.

2) KITTI 3D Object Detection Dataset. Our method is
evaluated on the KITTI object detection benchmark [34],
[35], which contains 7,481 training images and 7,518 test
images. We follow the same training and validation splits as
suggested by Chen et al. [36], containing 3,712 and 3,769
images, respectively. Each sample includes an RGB image, the
corresponding Velodyne LiDAR point cloud, stereo imagery,
and calibration data. Evaluation is based on the standard
Average Precision (AP) with 40 recall points for the Car
category, using an IoU threshold of 0.7 for both 3D and bird’s
eye view (BEV) detection.

C. Comparison Results
To verify the effectiveness of our method, we present the

evaluation results on the KITTI validation and test sets for
3D and BEV views in Table I and Table II. We compare
our method with several recent methods, including LiDAR-
based [1]–[4], [37], RGB-based [6]–[8] and multi-modal [9],
[10], [38]. These baselines rank high on the KITTI bench-
mark. PointPillars [3] and PV-RCNN [2] are used as baseline
detectors.

The results clearly indicate that our method significantly
improves the detection performance of the baseline models.
Specifically, when extremely sparse LiDAR data (e.g., 1%
density) is directly fed into LiDAR-based methods, the AP3D



TABLE I
COMPARISON RESULTS OF AP3D /APBEV ON KITTI VAL SET AT 1% DENSITY (CAR, IOU=0.7). BEST IN BOLD, SECOND IN UNDERLINE.

Method Modality AP3D /APBEV

Easy Moderate Hard

MonoDGP [7] Image 30.76 / 39.40 22.34 / 28.20 19.02 / 24.42
MonoDETR [6] Image 28.84 / 37.86 20.61 / 26.95 16.38 / 22.80
MonoMAE [8] Image 30.29 / 40.26 20.90 / 27.08 17.61 / 23.14
SECOND [4] 1% Points 19.54 / 32.36 12.25 / 20.26 10.22 / 16.89
Part-A2 [37] 1% Points 11.34 / 17.03 8.07 / 12.17 6.78 / 10.18
PointPillars [3] 1% Points 19.82 / 34.41 12.87 / 21.79 10.66 / 18.20
PV-RCNN [2] 1% Points 23.69 / 34.69 15.39 / 22.00 12.67 / 18.12
Voxel-RCNN [1] 1% Points 23.14 / 31.67 14.61 / 19.69 11.93 / 16.12
EPNet [9] Image + 1% Points 24.34 / 39.01 16.84 / 26.36 13.27 / 20.86
EPNet++ [10] Image + 1% Points 19.94 / 33.21 12.60 / 20.66 9.95 / 16.35
Focal Conv [38] Image + 1% Points 46.34 / 58.97 30.08 / 38.82 25.35 / 32.40

Ours + PointPillars Image + 1% Points 46.21 / 59.33 27.86 / 37.84 22.19 / 31.31
Ours + PV-RCNN Image + 1% Points 51.59 / 61.93 33.03 / 41.42 27.02 / 34.72

TABLE II
COMPARISON RESULTS OF AP3D /APBEV ON KITTI TEST SET AT 1% DENSITY (CAR, IOU=0.7). BEST IN BOLD, SECOND IN UNDERLINE.

Method Modality AP3D /APBEV

Easy Moderate Hard

MonoDGP [7] Image 26.35 / 35.24 18.72 / 25.23 15.97 / 22.02
MonoDETR [6] Image 25.00 / 33.60 16.47 / 22.11 13.58 / 18.60
MonoMAE [8] Image 25.60 / 34.15 18.84 / 24.93 16.78 / 21.76
SECOND [4] 1% Points 14.39 / 26.72 8.51 / 15.15 6.83 / 12.25
Part-A2 [37] 1% Points 8.78 / 15.20 5.72 / 9.50 4.47 / 7.45
PointPillars [3] 1% Points 16.33 / 28.95 9.69 / 16.68 7.47 / 13.18
PV-RCNN [2] 1% Points 19.69 / 29.78 11.67 / 17.19 9.06 / 13.44
Voxel-RCNN [1] 1% Points 18.38 / 26.44 10.78 / 15.38 8.13 / 11.96
EPNet [9] Image + 1% Points 17.43 / 28.42 9.66 / 15.71 7.05 / 11.87
Focal Conv [38] Image + 1% Points 40.99 / 52.92 23.09 / 31.57 18.52 / 25.88

Ours + PointPillars Image + 1% Points 34.93 / 50.59 19.09 / 28.86 15.25 / 23.25
Ours + PV-RCNN Image + 1% Points 41.92 / 54.03 23.70 / 31.93 18.73 / 25.94

values drop significantly. In contrast, our approach mitigates
this issue by incorporating RGB data to enhance the detection
process. When compared with purely RGB-based methods,
our approach demonstrates considerable improvements in both
AP3D and APBEV . This improvement is attributed to the
effective utilization of rich visual textures, which recover
missing geometric structures and refine object edges within
the sparse point clouds. Fig. 4 visually compares the detection
performance of our method with PV-RCNN [2] as the baseline
model under the extreme condition of 1% LiDAR density.
The visual results show that our method not only achieves
accurate localization of both near and distant vehicles but also
reliably detects occluded objects that are partially invisible in
the sparse LiDAR data.

D. Ablation Study

To verify the contribution of different components in our
method, we conduct an ablation study comparing various
fusion modules under 1% LiDAR density, as shown in Ta-
ble III. Experiment (a) serves as the baseline, using raw 1%
density points as input for PointPillars [3]. Due to the extreme
sparsity, the baseline suffers severe performance degradation,
achieving only 12.87% AP3D in the moderate setting. In
(b), we introduce an RGB-guided depth completion network

TABLE III
ABLATION STUDY OF DIFFERENT FEATURE FUSION STRATEGIES UNDER

1% LIDAR DENSITY.

Exp. Method AP3D / APBEV

Easy Moderate Hard

(a) PointPillars 19.82 / 34.41 12.87 / 21.79 10.66 / 18.20
(b) + Add + PL 40.26 / 56.89 23.99 / 35.96 19.55 / 29.36
(c) + Concat. + PL 42.42 / 57.89 25.35 / 36.40 20.73 / 29.52
(d) + Ours (w/o DFD) + PL 44.16 / 59.24 26.66 / 37.73 21.53 / 30.95
(e) + Ours (Full) + PL 46.21 / 59.33 27.86 / 37.84 22.19 / 31.31

that fuses RGB and LiDAR features via element-wise ad-
dition to predict dense depth, which is then back-projected
to pseudo-LiDAR for detection. This strategy substantially
recovers performance (+11.12% AP3D) by incorporating es-
sential semantic cues. However, this naive fusion remains
suboptimal, as high-frequency RGB textures interfere with
geometric representations. Channel-wise concatenation (c) fur-
ther improves performance to 25.35% AP3D by preserving
modality-specific representations and alleviating cross-modal
interference. Furthermore, the variant without the DFD module
(d) falls short of the full model, indicating that frequency
decoupling is essential for suppressing textural noise and
maintaining geometric consistency. Finally, (e) uses the full
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Fig. 4. Qualitative comparison on the KITTI validation set. Ground-truth boxes (green) and predictions (red) are shown for both 3D bounding boxes and
bird’s eye view (BEV).

DFG module and achieves the best performance of 27.86%
AP3D in the moderate setting. This confirms that decoupling
high-frequency edge details from low-frequency geometric
structure is crucial for accurate pseudo-LiDAR reconstruction
and precise 3D detection.

E. Sparsity Robustness Analysis

To evaluate robustness against LiDAR degradation, we test
densities from 1% to 12% using PointPillars as the baseline.
As Table IV shows, the baseline suffers severe performance
degradation under extreme sparsity (1%), dropping to 12.87%
AP3D in the moderate setting. This confirms that geometry-
dependent networks struggle to capture object shapes when
point clouds are insufficient. In contrast, our RGB-guided
approach mitigates this issue, achieving a +14.99% increase in
AP3D. This shows that the DFG module effectively leverages
visual textures to compensate for missing structural details.

However, as the LiDAR density increases to 10–12%, the
performance gains of our method decrease, leading to a
performance reversal in the hard setting. We attribute this
failure mode to the inherent trade-off between the precision
of pseudo-LiDAR and the reliability of real geometric infor-
mation. In challenging scenarios involving distant or heavily
occluded objects, the depth completion network inevitably
introduces estimation noise. Although this noise remains toler-
able under extremely sparse point-cloud conditions, increased
density makes the relatively accurate real geometric cues

TABLE IV
SPARSITY ROBUSTNESS COMPARISON UNDER DIFFERENT LIDAR

DENSITIES.

Density Method AP3D / APBEV

Easy Moderate Hard

1% PointPillars 19.82 / 34.41 12.87 / 21.79 10.66 / 18.20
+ Ours 46.21 / 59.33 27.86 / 37.84 22.19 / 31.31

6% PointPillars 68.35 / 80.09 48.01 / 59.63 43.11 / 54.09
+ Ours 76.77 / 84.58 54.14 / 64.49 47.07 / 57.35

8% PointPillars 73.02 / 84.21 52.92 / 64.72 47.77 / 59.56
+ Ours 78.57 / 86.82 56.63 / 67.55 49.60 / 60.23

10% PointPillars 76.54 / 86.93 56.66 / 67.93 51.79 / 64.19
+ Ours 79.79 / 87.38 57.24 / 68.18 51.25 / 61.86

12% PointPillars 77.99 / 86.95 58.44 / 70.01 53.94 / 66.35
+ Ours 80.70 / 87.66 59.37 / 70.15 52.48 / 63.28

susceptible to contamination by the noisy pseudo-LiDAR.
Consequently, the resulting geometric ambiguity leads to a
slight degradation in localization accuracy compared to Point-
Pillars, which relies solely on sparse yet clean real geometric
information.

V. CONCLUSION

In this paper, we propose a 3D object detection framework
that fuses monocular RGB images with extremely sparse
LiDAR data. The proposed Dynamic Frequency Guidance
fusion design enables more reliable depth completion and



pseudo-LiDAR reconstruction. Experimental results on both
the KITTI validation and test sets confirm that our method
significantly improves detection accuracy under sparse sensing
conditions. Furthermore, we analyze different density levels
and demonstrate that our approach effectively alleviates per-
formance degradation caused by point cloud sparsification.
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