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Abstract— Autonomous driving has rapidly advanced with di-
verse sensors, especially Light Detection and Ranging (LiDAR),
which provides precise geometry for tasks like simultaneous
localization and mapping (SLAM). Recently, the performance of
LiDAR-based SLAM has improved through studies leveraging
intensity as a complementary cue to depth. However, in urban
environments, dynamic objects occlude static scenes, degrading
the stability and accuracy of LiDAR-based SLAM. While
previous studies have focused mainly on completing occluded
depth, they often disregard intensity, assuming it to be less
critical or difficult to estimate due to inherent noise. This
overlooks the strong complementary relationship between the
two modalities, which can be exploited for effective multimodal
completion. Furthermore, completing intensity alongside depth
enables broader applicability to intensity-aware perception
tasks. To address this issue, a Multimodal Mutual-Guidance
(M2G) module is proposed for the joint completion of occluded
depth and intensity in LiDAR data. M2G is integrated into a
deep learning-based network that takes projected range and
intensity images as input, enabling progressive cross-modal
feature interaction. Leveraging the shared origin of LiDAR
depth and intensity, M2G balances noisy intensity and smooth
depth via attention and structure-aware guidance. Experimen-
tal results demonstrate that the proposed method outperforms
existing inpainting and depth completion approaches, validating
its effectiveness for LiDAR completion.

I. INTRODUCTION

Recent advancements in autonomous driving have pro-

gressed alongside the development of multiple sensing tech-

nologies, including cameras, radars, and Light Detection and

Rangings (LiDARs). Among these, LiDAR provides robust,

illumination-independent 3D geometry, which is crucial for

reliable perception, high-definition mapping, and SLAM [1],

[2]. Building on LiDAR’s critical role in autonomous driving,

recent studies have increasingly leveraged not only LiDAR

depth but also intensity measurements, leading to enhanced

performance in LiDAR-based SLAM, since intensity pro-

vides complementary cues by capturing surface reflectance

and texture details that depth alone cannot convey [3]–[6].

However, LiDAR-based SLAM struggles in urban environ-

ments where dynamic objects like vehicles and pedestrians

introduce noise and instability to pose estimation and map-

ping [7]–[9]. To mitigate these issues, recent studies have
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Fig. 1: 3D point cloud completion from a range image.

The proposed method more accurately completes regions

occluded by dynamic objects (red boxes) compared to the

baseline.

proposed methods for removing and filtering dynamic objects

from LiDAR data [10]–[12]. Yet, removing dynamic points

can reduce spatial cues for pose estimation, and filtering

methods often fail to generalize in complex scenes [13].

Therefore, completing regions occluded by dynamic objects

with static information is necessary to preserve spatial con-

tinuity and enhance LiDAR-based SLAM.

Various methods based on RGB and depth have been

studied in computer vision to reconstruct occluded regions in

visual scenes. RGB inpainting [14]–[16] focuses on recon-

structing explicitly masked regions using surrounding visual

context, whereas depth completion [17]–[19] aims to pre-

cisely estimate dense depth maps from sparse inputs, often

using aligned RGB images as a guidance. More recently,

RGB-D inpainting approaches that jointly reconstruct both

RGB and depth have also been explored, aiming to exploit

the complementary nature of the two modalities to gener-

ate structurally sound and visually plausible results [20]–

[23]. These methods demonstrate that leveraging cross-

modal relationships can significantly enhance reconstruction

performance compared to unimodal approaches. However,

these RGB and RGB-D inpainting methods typically rely on

abundant RGB features, which limits their direct applicability

to LiDAR data, since cameras often suffer from field of

view mismatch with LiDARs and sensitivity to varying

illumination conditions.
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In contrast, LiDAR-based inpainting methods [8], [9] have

been proposed to reconstruct regions occluded by dynamic

objects. However, most LiDAR inpainting approaches focus

solely on depth, possibly assuming that intensity is either

less critical or difficult to reconstruct, given the limitations

of intensity measurement due to inherent noise [5], [24].

Although LiDAR intensity has seen growing use in recent

SLAM and perception studies, complementary information

from intensity is often overlooked, limiting applicability

in downstream LiDAR-based tasks. Completing both depth

and intensity jointly can not only improve the completion

performance through their complementary relationship but

also extend applicability to intensity-aware tasks. Moreover,

although prior works adopt the term inpainting, LiDAR

tasks require precise estimation of physical measurements.

Therefore, the task needs to be defined as a completion, and

this term is used throughout this paper.

To this end, a Multimodal Mutual-Guidance (M2G) net-

work is proposed, which jointly completes LiDAR depth and

intensity by enabling mutual guidance through the co-located

nature of both modalities, without relying on external RGB

images. The contributions of the network are as follows:

1) Mutual modality guidance: The proposed method en-

hances completion quality by enabling mutual guidance,

leveraging each modality’s unique characteristics and

their structural alignment.

2) Superior performance on LiDAR completion: The pro-

posed method outperforms existing baselines, as shown

in Fig. 1. Details of this visual comparison are provided

in Section IV-B.

II. RELATED WORKS

A. Image Inpainting

Image inpainting techniques in computer vision have

evolved from traditional approaches to deep learning-based

methods. Traditional methods, including both diffusion [25]–

[28] and patch-based approaches [29]–[32], focused on prop-

agating information from surrounding pixels or patches,

but struggled with large or semantically complex occluded

regions. Deep learning has led to significant advances in

image inpainting. Early works like Context Encoders [33]

introduced adversarial training [34], while later methods

improved robustness to irregular masks using gated or partial

convolutions [16], [35]. More recent approaches incorporate

structural priors [36], perceptual loss [37], [38], or semantic

guidance [39], focusing on visual realism in RGB images.

However, directly adopting image inpainting for LiDAR

completion is challenging, as depth and intensity exhibit

fundamentally different characteristics from RGB images,

provide limited semantic cues, and their complementary

information is difficult to leverage with unimodal methods.

B. Depth Completion

Depth completion refers to the task of completing missing

regions in depth images or the accurate estimation of dense

depth from sparse measurements. Many studies in this area

have proposed methods that leverage additional modalities,

such as RGB images, to guide the depth completion pro-

cess [17]–[19]. These auxiliary modalities provide strong

cues, as RGB images contain abundant visual information in-

cluding textures and edges, which help infer smooth surfaces

and accurate depth boundaries. In contrast, unguided meth-

ods relying solely on depth data tend to suffer from blurring

and distortions around object boundaries. Therefore, guided

approaches that exploit complementary information from

other modalities are generally more robust and reliable [40].

However, methods that leverage abundant RGB cues to guide

sparse depth are less suitable for LiDAR completion, where

depth and intensity provide the same limited information.

C. RGB-D Inpainting

In addition to studies that inpaint a single modality, some

studies have explored simultaneous inpainting of multiple

modalities [20]–[23]. These studies, primarily conducted on

RGB-D camera platforms, show that RGB and depth can

effectively complement and guide each other, assuming a

strong correlation exists between the two modalities [20]. For

example, DynaFill [21] and SynerFill [22] proposed convolu-

tional networks for RGB-D inpainting in autonomous driving

scenarios, while MCD-Net [23] proposed an attention-based

method that jointly inpaints RGB and depth in a coarse-

to-fine manner. While RGB-D inpainting models effectively

leverage the abundant textures of 3-channel RGB images

and dense depth maps, LiDAR intensity differs from RGB

in being single-channel, noisy, and lacking semantic cues.

To address these limitations, effective LiDAR completion

requires additional strategies to compensate for the limited

information in LiDAR intensity.

D. LiDAR Inpainting

While much of the existing research on inpainting has

focused on RGB or RGB-D data, recent interest in LiDAR

inpainting has grown due to the importance in addressing

challenges caused by dynamic objects in LiDAR scans [7]–

[9]. To address these issues, SAM-Net [9] proposed a frame-

work that jointly segments dynamic objects and inpaints

occluded regions in LiDAR range images. The method

estimates both a binary mask of dynamic regions and the

static scene, focusing on geometric data rather than RGB

imagery. A Structural Attention Module (SAM) is introduced

to capture structural information and to inpaint depth more

effectively. However, SAM-Net focuses only on depth and

does not leverage the complementary benefits of intensity for

more effective completion, which also limits applicability to

intensity-aware downstream tasks.

III. PROPOSED METHOD

A. Problem Formulation

Let Xi ∈ R
5×H×W and Xd ∈ R

5×H×W denote the input

images corresponding to the intensity and depth modalities,

respectively, where H and W are the image height and width.

Each five-channel input is constructed by augmenting the

raw LiDAR data with additional information, as detailed in

Section III-C.
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Fig. 2: Overall architecture of the M2G. M2G fuses depth and intensity features through structure-aware guidance, spatial-

channel attention, and fusion cues at each encoding stage.

Given a binary mask M ∈ R
1×H×W indicating a dynamic

object region (where 1 denotes masked pixels and 0 denotes

background), the masked inputs are defined as:

Xi
m = Xi ⊙ (1−M), Xd

m = Xd ⊙ (1−M), (1)

where ⊙ denotes Hadamard product and M is broadcasted

across the channel dimension. The objective of the comple-

tion task is to estimate the masked regions in both modalities

by learning the conditional distributions:

p(Ŷ i | Xi
m), p(Ŷ d | Xd

m), (2)

that approximate the true data distributions:

p(Y i | Xi
m), p(Y d | Xd

m). (3)

Note that although both inputs are 5-channel images, the

desired outputs are modality-specific: Ŷ i ∈ R
1×H×W for

the completed intensity image and Ŷ d ∈ R
3×H×W for the

completed (x, y, z) coordinate images. Our network learns

to complete static scenes by estimating the masked dynamic

regions in a physically consistent and cross-modality-aware

manner.

B. M²G: Multimodal Mutual-Guidance

Intensity and depth images, derived from the same LiDAR

point cloud, provide different types of information: intensity

as texture and depth as structure, while preserving structural

consistency. Unlike prior rich-to-poor guidance methods, the

Multimodal Mutual-Guidance (M2G) module is proposed

to enable symmetric, bidirectional feature enhancement be-

tween equally informative intensity and depth modalities. As

shown in Fig. 2, M2G operates in two steps: (1) extracting

three feature types per modality and (2) fusing the extracted

features via a fusion guidance module. Given intensity and

depth features F i, F d ∈ R
C×H

′

×W
′

, the following fea-

tures are extracted for each modality. First, structure-guided

features are convolutional features specifically extracted to

facilitate later fusion guided by structure-aware information.

Here, the structural similarity map S is computed by apply-

ing only the structural component of the Structural Similarity

Index Measure (SSIM) [41] to F i and F d, leveraging the

shared structural characteristics of both modalities. Second,

spatial-channel attention features are applied to emphasize

important spatial and channel-wise information within each

modality. Finally, attention-guided features are convolutional

features extracted to be guided later by attention maps from

the other modality. Structure-guided and attention-guided

features, which are initially convolutional features intended

for subsequent guidance, are refined via a learnable fusion

guidance function FG(·) that modulates each feature based

on relevant cues. Specifically, the structure-guided features

F i
s and F d

s are refined using the structural similarity map S:

F i
s,f = FG(S, F i

s), F d
s,f = FG(S, F d

s ), (4)

where F i
s,f and F d

s,f denote the fused features. Similarly,

the attention-guided features F i
g and F d

g are refined using

spatial-channel attention features from the opposite modality,

F d
a and F i

a, respectively:

F i
g,f = FG(F d

a , F
i
g), F d

g,f = FG(F i
a, F

d
g ), (5)

where F i
g,f and F d

g,f are the fused features. The spatial-

channel attention features F i
a and F d

a are computed using

CBAM [42]. Finally, in each branch, the fused structure-

guided features F i
s,f and F d

s,f , fused attention-guided fea-

tures F i
g,f and F d

g,f , and the spatial-channel attention features

F i
a and F d

a are concatenated and passed through gated convo-

lutions to produce the next-level feature representations. This

design combines both internal and complementary modali-

ties, enhancing consistency and accuracy of completion.

C. Overall Network

The proposed network adopts a dual-branch architecture

based on gated convolution, where each branch indepen-

dently processes either an intensity or a depth image to

reflect distinct characteristics of each modality. Each branch

follows a two-stage structure: a coarse completion network

and a refine completion network, both implemented as

encoder–decoder architectures. Both stages use the coarse

inpainting network from [16] as the backbone. In the coarse
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Fig. 3: Overview of the proposed architecture. The network takes two 5-channel inputs: (range, x, y, z, mask) for depth and

(RGB, intensity, mask) for intensity, where RGB is derived from HSV. The M2G module in the encoder fuses features and

connects to the decoder via skip connections. The outputs are 3-channel point cloud coordinates and 1-channel intensity.

(a) Intensity image

(b) Depth image

(c) RGB input

Fig. 4: Example of RGB input generated from HSV repre-

sentation of depth and intensity images. H: normalized depth,

S: offset intensity (0.5 + intensity), V: intensity.

stage, the coarse inpainting network is applied as is to pro-

duce an initial estimation. In the refine stage, the backbone

is restructured with three encoders, one bottleneck, and two

decoders connected by skip connections (Fig. 3), enabling the

M2G module to facilitate cross-modal feature interaction.

In the depth branch, the input is a 5-channel image: one

channel for the LiDAR range and three for the corresponding

3D coordinates (x, y, z). The coarse completion network

produces an intermediate four-channel output without mask,

which is refined by the refine network into a three-channel

image containing only (x, y, z). This design aims to complete

depth and estimate precise point-wise coordinates.

In the intensity branch, the input is a 5-channel image

combining the original intensity image with a synthesized

RGB image. Since intensity alone is noisy, an auxiliary RGB

image is generated by transforming intensity and depth into

an HSV representation. Fig. 4 shows how the enriched input

preserves both depth structure and intensity variation. As in

the depth branch, the coarse completion network produces an

intermediate output, refined into the final 1-channel image.

D. Loss Function

The overall training objective combines loss terms from

the depth and intensity branches:

L = Ld + Li, (6)

where each branch uses a set of losses tailored to the specific

characteristics of the corresponding modality.

a) Depth Completion Loss: The depth branch com-

pletes the 3D scene by estimating real-world coordinates

(x, y, z). To ensure both geometric accuracy and spatial

coherence, the loss for this branch consists of four terms:

Ld = λ1L
d
r + λ2L

d
c + λ3L

d
s + λ4L

d
g. (7)

The first term, Ld
r , is a pixel-wise L1 reconstruction loss

measuring the absolute error between the prediction Ŷ d and

ground truth Y d, normalized by a rectified mask R to exclude

invalid pixels:

Ld
r =

∥(Ŷ d − Y d)⊙R∥1
∥R∥1

, (8)

where R[i, j] is defined as:

R[i, j] =

{

0, M [i, j] > 0 and Y [i, j] = 0

M [i, j], otherwise.
(9)

The second term, the depth loss Ld
c , enforces 3D consistency

by minimizing the depth error between predicted and ground

truth 3D points:

Ld
c =

∥(D̂ −D)⊙R∥1
∥R∥1

, Di,j =
√

x2

i,j + y2i,j + z2i,j .

(10)

To promote smoothness and suppress artifacts, a smoothness

loss is adopted by comparing the spatial gradients of D̂ and

D over the rectified mask R:

Ld
s =

∥(∇D̂ −∇D)⊙R∥1
∥R∥1

. (11)
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TABLE I: Quantitative Evaluation on LiDAR Inpainting Dataset.

Method
Depth Intensity

Time[s]
RMSE[m] MAE[m] iRMSE[1/m] iMAE[1/m] RMSE[m] MAE[m] PSNR SSIM

GatedConv [16] 2.8664 1.3537 0.0508 0.0109 0.1129 0.0807 19.1809 0.9649 0.0225

Latent-PIC [15] 4.2056 3.0516 0.0520 0.0307 0.1377 0.1050 17.4165 0.9528 0.1696

SPGAN [17] 3.5313 1.9008 0.1731 0.0273 – – – – 0.0391

MCD-Net [23] 1.7599 1.0347 0.0074 0.0049 0.1182 0.0895 18.7189 0.9578 0.0411

MCD-Net* [23] 1.5792 0.9129 0.0068 0.0043 0.1255 0.0964 18.1868 0.9558 0.0340

Ours 1.2103 0.5976 0.0052 0.0028 0.0886 0.0623 21.3276 0.9687 0.0376

(a) GatedConv [16] (b) Latent-PIC [15] (c) MCD-Net* [23] (d) Ours

Fig. 5: Intensity completion comparison between the proposed network and other inpainting methods. The columns (a)–(d)

represent the outputs from different models. From top to bottom, the rows show: input intensity, completed intensity, ground

truth intensity, and the error map. In the error maps, brighter red indicates higher intensity error.

Finally, to improve the perceptual realism of depth images,

an adversarial loss inspired by SN-GANs [43] hinge loss is

included:

Ld
g = −E

Ŷ d
∼pG

[Dsn(Ŷ d)], (12)

where Dsn is a discriminator with spectral normalization.

b) Intensity Completion Loss: The intensity branch

aims to reconstruct texture details with accurate values. The

loss for the intensity branch integrates three objectives:

Li = λ5L
i
r + λ6L

i
s + λ7L

i
g. (13)

Similar to the depth branch, the reconstruction loss Li
r is

defined as:

Li
r =

∥(Ŷ i − Y i)⊙R∥1
∥R∥1

. (14)

To enhance texture realism, the style loss Li
s minimizes the

L1 norm between the Gram matrices derived from VGG-

extracted features of both the prediction and ground truth:

Li
s =

∑

l

∥Gl(Ŷ
i)−Gl(Y

i)∥1. (15)

Finally, the adversarial loss Li
g follows the same formulation

as in the depth branch:

Li
g = −E

Ŷ i
∼pG

[Dsn(Ŷ i)]. (16)

Together, these loss components encourage the network to

generate geometrically accurate, visually coherent, and per-

ceptually realistic completions for both depth and intensity

modalities.

IV. EXPERIMENTS

A. Experimental Setup

The experiments in this study are divided into two main

categories: (1) comparative evaluation of LiDAR completion

performance against existing methods, and (2) ablation stud-

ies to verify the effectiveness of the proposed M2G module.

The LiDAR inpainting dataset introduced by SAM-Net [9] is

used for training and testing, implemented in PyTorch [44].

All experiments are conducted on a workstation equipped

with four NVIDIA TITAN V (12GB) GPUs and an Intel

Xeon W-2133 CPU. Training proceeds for 100 epochs per

model with batch size 8, applying the Adam optimizer at

learning rate 1e−4. The loss weights for depth and intensity

branches are empirically set to balance each objective: λ1 =
1.0, λ2 = 0.5, λ3 = 0.05, λ4 = 0.1 for depth, and λ5 = 1.0,

λ6 = 0.2, λ7 = 0.1 for intensity. To improve convergence

and completion accuracy, depth values are preprocessed by

filtering out extreme outliers based on a maximum range

threshold. Intensity values are inherently represented in the

[0, 1] range. Note that SAM-Net is excluded from direct

comparison as its official implementation is not publicly

available, and the preprocessing pipeline also differs.

For quantitative evaluation, standard metrics are adopted

for each modality. For depth completion, Root Mean Squared

Error (RMSE), Mean Absolute Error (MAE), inverse RMSE

(iRMSE), and inverse MAE (iMAE) are measured. For

intensity completion, RMSE, MAE, Peak Signal to Noise

Ratio (PSNR), and SSIM are measured.
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(a) GatedConv [16] (b) Latent-PIC [15] (c) SPGAN [17] (d) MCD-Net* [23] (e) Ours

Fig. 6: Depth completion comparison between the proposed network and other methods. The columns (a)–(d) represent the

outputs from different models. From top to bottom, the rows show: input depth, completed depth, ground truth depth, and

the error map. In the error maps, brighter red indicates higher depth error.

B. Comparison

The proposed method is compared with four baseline

models: two RGB image inpainting methods, Gated Con-

volution [16] and Latent-PIC [15], one unguided depth com-

pletion method, SPGAN [17], and one RGB-D inpainting

method, MCD-Net [23]. Since MCD-Net originally takes 3-

channel RGB image and a 1-channel depth image as input,

two variants are evaluated: one with intensity (replicated to 3

channels) and depth, and another modified version (denoted

MCD-Net*) that matches our input structure. To ensure a

fair comparison, GatedConv and Latent-PIC are trained sep-

arately on intensity and depth images, as these methods are

designed for single-modality inpainting. SPGAN is trained

only on the depth images, while MCD-Net and MCD-Net*

are trained jointly on intensity and depth inputs.

As shown in Table I, Fig. 5, and Fig. 6, M2G-Net outper-

forms all baselines on both depth and intensity modalities.

Even compared with the strongest baseline, MCD-Net*,

M2G-Net achieves 35–40% lower MAE for depth and lower

RMSE and MAE for intensity, while iMAE shows up to a

50% improvement, highlighting more accurate completion in

short-range regions. To further assess 3D completion quality,

range images are converted into point clouds, as shown in

Fig. 1. Although RMSE gains are modest, this 3D evaluation

demonstrates that MCD-Net* (corresponding to panel (c))

introduces spatial distortions, misaligning points in x, y, and

z, indicating limited geometric consistency. In contrast, M2G-

Net preserves structural integrity across the scene, including

occluded and distant areas, reconstructing all masked regions

with higher fidelity. The model achieves approximately 26.6

Hz inference speed with 13.87M parameters (M²G modules:

1.69M, 12.2%), enabling real-time autonomous deployment.

C. Ablation Study

To evaluate the effectiveness of the M2G module and

additional RGB input (converted from HSV), an ablation

study is conducted under four configurations by varying the

use of M2G and the RGB input. Specifically, we consider

cases without either component, with only the RGB input,

with only M2G, and with both components combined. Each

configuration is evaluated using RMSE and MAE for both

TABLE II: Ablation Study on the Proposed Network.

Configuration
Depth Intensity

RMSE MAE RMSE MAE

w/o M²G + w/o RGB 1.3287 0.6935 0.1221 0.0912

w/o M²G + w/ RGB 1.3774 0.7501 0.0908 0.0638

w/ M²G + w/o RGB 1.2723 0.6504 0.1081 0.0785

w/ M²G + w/ RGB 1.2103 0.5976 0.0886 0.0623

the depth and intensity modalities. Table II summarizes the

results. The proposed model (with M2G and with RGB)

achieves the best performance. Adding RGB input alone

improves intensity but slightly degrades depth, suggesting

an optimization imbalance. The M2G module mitigates the

imbalance through mutual-guidance, improving both modal-

ities.

V. CONCLUSIONS

In this study, M2G-Net is proposed as a network designed

to enhance LiDAR-based SLAM in dynamic environments

by completing the depth and intensity data of dynamic

regions with static information. The network adopts a coarse-

to-fine backbone with an M2G module, which captures

depth–intensity correlations during encoding and completes

occluded regions through mutual-guidance. To enrich the

intensity input, intensity and depth are transformed into an

HSV representation to form RGB input, providing more

informative cues. M2G-Net outperforms existing methods by

accurately completing (x, y, z) coordinates and intensities in

dynamic regions and operates in real time, enabling prac-

tical deployment in SLAM systems. However, the proposed

method assumes that dynamic object masks are given, which

limits its applicability in fully autonomous settings. Devel-

oping a video-based framework that jointly estimates such

masks while leveraging temporal information for improved

completion performance remains as future work.
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