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DRIM: Depth Restoration With Interference
Mitigation in Multiple LiDAR Depth Cameras

Seunghui Shin ¥, Jaeyun Jang *, Sundong Park

Abstract—LiDAR depth cameras are widely used for accurate
depth measurement in various applications. However, when multi-
ple cameras operate simultaneously, mutual interference causes ar-
tifacts in the captured depth data, which existing image restoration
methods struggle to handle. In this letter, we propose DRIM, a novel
approach for real-time depth restoration under multi-device inter-
ference. Our method begins by distinguishing interference-induced
artifacts, then predicts and leverages these artifacts to guide the
restoration process. Since there is no existing dataset for learning in-
terference in multiple LIDAR depth cameras, we create and provide
the first depth interference dataset. Our experiments demonstrate
superior depth restoration performance compared to other image
restoration methods, achieving real-time processing speeds (=33
FPS) that are significantly faster than existing approaches while
showing the capability to restore depth in challenging scenarios.
These results demonstrate that our proposed method effectively
restores interfered depth in multiple LiDAR depth cameras with
practical real-time performance.

Index Terms—RGB-D perception, deep learning for visual
perception, data sets for robotic vision.

1. INTRODUCTION

EPTH cameras are optical devices that capture distance
D information of objects relative to the sensor and record
this data as 2D depth images in real-time [1]. Recently, there
has been a growing demand for higher accuracy depth data [2],
leading to the use of LiDAR depth cameras [3], [4], [5], [6].
These cameras offer enhanced accuracy, stability, and consistent
measurements [7], [8]. Moreover, these sensors can interact
with information such as color and texture collected from RGB
cameras, providing richer data. Therefore, depth cameras are
often used in conjunction with RGB cameras [9], [10], [11],
[12].

The simultaneous deployment of multiple depth cameras not
only resolves occlusion issues stemming from the ambiguity
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inherent in single-camera setups [13] but also significantly
expands the effective field of view (FoV), thereby enhancing
overall spatial perception and data acquisition capabilities. How-
ever, the implementation of multiple LIDAR depth camera sys-
tems introduces significant interference issues, potentially com-
promising these advantages. This interference occurs because
LiDAR depth cameras utilize an active sensing method that
emits and receives infrared signals, leading to inaccurate depth
estimations when signals from multiple cameras intersect [14].
Consequently, a critical challenge lies in obtaining depth data
that maintains the accuracy and quality of single-camera mea-
surements, even within a multi-camera setup.

Several researchers proposed synchronization methods to uti-
lize multiple LiDAR depth cameras [15], [16]. Through these
methods, it has been possible to obtain depth data resembling
that captured by a single camera, even in systems with multiple
cameras. However, these approaches require the connection
of cables, which can limit the depth capture range and may
introduce synchronization issues. Additionally, these methods
sacrifice frames, making them challenging to use in dynamic
environments such as robotics and autonomous navigation that
require real-time performance.

The problem of restoring depth interference can also be
considered an image restoration problem in the field of com-
puter visions [17], [18]. With recent advancements in deep
neural networks (DNN5s), methods such as debluring [19], [20],
denoising [21], [22], and deraining [23], [24] have been re-
searched to restore images by removing artifacts. However, this
approach is likely to face significant challenges in effectively
recovering interfered artifacts. The primary difficulty lies in the
necessity to distinguish between different types of artifacts in
the interference restoration process. This means that interfered
depth data exhibits two artifacts with similar distributions: the
sensor artifact and the interference artifact. Sensor artifacts,
which naturally occur in the LiDAR scanning method, should be
preserved. Conversely, interference artifacts, arising only when
multiple sensors are used, should be the focus of restoration
efforts. Existing image restoration models, however, struggle
to differentiate between these two types of artifacts and often
require computationally expensive architectures that are unsuit-
able for real-time applications. Consequently, there is a critical
need for two key components: firstly, a sophisticated model
capable of learning to distinguish between these artifact types
and accurately restore depth; and secondly, a specialized dataset
tailored for training such models on these specific artifacts.

In this letter, we propose a novel approach, DRIM, for restor-
ing depth affected by interference in multiple LiDAR depth
camera systems. We classified the artifacts in the depth data
acquired from these systems as sensor artifacts and interference
artifacts, for the first time. Our model distinguishes these two
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artifacts, utilizing these artifacts to restore depth while achieving
real-time performance suitable for practical applications. Due
to the lack of a dataset capable of training on these artifacts
generated by multiple cameras, we create and provide a new
dataset for this purpose. We rigorously evaluate the performance
of our proposed method through comprehensive comparisons
with existing image restoration techniques. Our assessment
encompasses various challenging scenarios, including interfer-
ence restoration in multi-camera setups and environments with
diverse types of depth cameras. The contributions presented in
this study include:
® We propose DRIM for restoring depth that has been in-
terfered with by other depth cameras. Our approach first
distinguishes artifacts in the interfered depth and then
designs a model to process each of these artifacts.
® We provide a depth interference dataset for the first time
that facilitates the learning of artifacts observed in multiple
LiDAR depth camera systems and is designed for further
research in such environments.
® QOur experimental results demonstrate that our approach
effectively restores interfered depth data at real-time
speeds (/=33 FPS), outperforming existing image restora-
tion methods across challenging scenarios.

II. RELATED WORKS

A. Depth Camera

There are several depth sensing methods for depth cameras,
including structured light, stereovision, time-of-flight (ToF), and
LiDAR. Structured light [25], [26] works by emitting a specific
pattern of infrared signals onto the scene and predicting depth
based on how the infrared pattern is projected onto the scene.
Stereovision [27], [28] predicts depth by matching features com-
monly detected in two adjacent RGB images. ToF method [29],
[30] predicts depth by emitting infrared signals and measuring
either the time it takes for the reflected infrared signals to return
from the scene or the phase difference of the received signals.
LiDAR depth camera follows the ToF principle but enhance it
with an active scanning mechanism. By emitting and receiving
infrared signals along a defined scan trajectory, they achieve
precise spatial sampling. This scanning-based measurement en-
ables LiDAR depth camera to deliver superior accuracy, stability,
and consistency compared to other types of cameras [7], [8].
However, there is an issue of interference when using multiple
LiDAR depth cameras.

B. Synchronization for Multiple LIDAR Depth Cameras

Synchronization methods have been proposed to enable the
use of multiple LiDAR depth camera systems. Mulla et al. [15]
addressed the interference issue by connecting a cable to a
single computer and turning the cameras on and off sequentially.
Similarly, Breggion et al. [16] used synchronization to perform
3D reconstruction tasks. These methods effectively prevent in-
terference in these systems, allowing the acquisition of data
similar to that obtained in a single LiDAR depth camera system.
However, the synchronization approach has the drawback of
sacrificing frames, making it difficult to capture the same scene
in dynamic environments where objects or backgrounds are
moving. Additionally, since each camera must be connected to
a single computer via cables, the depth camera’s capture range
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Fig. 1. Various artifacts observed in multiple LIDAR depth camera system.

is inherently limited, and any synchronization issues can lead to
interference.

C. Image Restoration

Recent studies have actively explored artifact removal for
image restoration. Gao et al. [19] introduced a simple U-Net-
based single-stage approach that reduces system complexity
while maintaining spatial accuracy and contextual richness.
Chen et al. [24] developed a multi-scale Transformer with bi-
directional feedback across scales, enabling coarse-to-fine and
fine-to-coarse feature exchange. Luo et al. [21] proposed a latent
diffusion model operating in latent space to efficiently handle
high-resolution content, achieving strong results in denoising
and inpainting. Ozdenizci et al. [23] presented a patch-based
diffusion method for weather-degraded images, applying guided
denoising over overlapping patches for size-agnostic restoration.
While these methods remove artifacts, they struggle with recov-
ering interfered artifacts.

III. PROBLEM ANALYSIS AND DATASET CONSTRUCTION

Our goal is to restore depth data affected by interference in
multiple LiDAR depth cameras to resemble depth data from
a single one. We first identify the interference present in the
multiple LIDAR depth camera systems. Next, we classify the
artifacts that appear in the depth data of these systems. Since
there is no available dataset to learn the artifacts occurring in
these systems, we create a depth interference dataset.

A. Depth Interference

We first identify the interference that occurs in multiple Li-
DAR depth camera systems. These cameras estimate depth using
an active method that emits and receives infrared signals along
laser scan trajectory, as shown in Fig. 1. Therefore, when signals
from other cameras are received, inaccurate depth estimations
occur, resulting in the appearance of artifacts along the laser
scan trajectory. As illustrated in Fig. 1, various artifacts appear
in the depth data affected by interference. However, the causes
of these artifacts differ. Some artifacts are naturally generated by
the LiDAR scanning method, while others occur solely due to
interference from other cameras. To effectively restore depth
data, it is crucial to classify artifacts based on their distinct
underlying causes, even when their distributions appear similar.

B. Definitions of Artifact Types

We classify the artifacts observed in interference affected
depth data into two distinct artifacts, as shown in Fig. 1. The first
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artifact is characterized by invalid depth values resulting from
the physical limitations of the capturing equipment and the phys-
ical properties of the sensors, even in the single camera systems.
We define the artifact exhibiting these characteristics as a sensor
artifact. The second artifact is characterized by inaccurate depth
values due to interference from multiple camera systems, which
is defined as an interference artifact. Sensor artifacts can also
occur in single camera systems, so, these artifacts do not require
restoration. Conversely, interference artifacts, which appear
only due to interference in multiple camera systems, must be
restored.

C. Depth Interference Dataset

One of our main challenges is to create and provide a depth
interference dataset for multiple LiDAR depth camera systems.
Our dataset offers interference unaffected data obtained using
a single depth camera, as well as interference affected data
obtained using two cameras. Additionally, we provide ground
truth (GT) masks for sensor and interference artifacts to facilitate
depth restoration. To support various future learning approaches,
we provide supplementary data such as RGB images of the cor-
responding scenes, intrinsic and extrinsic parameters between
the two cameras.

1) Data Collection: We first collected interference unaf-
fected depth data using a single Intel Realsense L515, then
added Intel Realsense L515 in the same environment to cap-
ture interference affected data for the same scenes. To enable
the model to learn artifacts affected by interference in various
environments, scenes were created using objects from 4 different
categories: Grocery, Kitchen, Office, and Toy. The environment
setup involved capturing scenes under 5 distinct camera poses :
45°,90°, 135°, 180°, and 90° (cross). For each camera pose, 10
scenes were generated per category by randomly selecting and
arranging objects from that category. For each scene, 100 inter-
ference affected depth frames and 500 interference unaffected
depth frames were captured, the latter was used to generate
GT depth data based on the data distribution. Depth frames
were captured from both cameras corresponding to each camera
pose configuration. The environment setup and data generation
procedure for the depth interference dataset are illustrated in
Fig. 2.

2) Ground Truth Generation: We generated GT data based
on the distribution of the collected data. To train our model,
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the dataset includes additional GTs: a sensor artifact mask, an
interference artifact mask, and GT depth data.

First, the sensor artifact mask represents regions of invalid
depth values that appear even in interference unaffected condi-
tions. We calculated the distribution of 500 interference unaf-
fected depth frames for each pixel in each scene. We defined the
sensor artifact mask by selecting only pixels where the median
of zero in the distribution, as follows:

0,
Si’j = {1

where S is the sensor artifact mask. The term median (d; ;)
represents the median depth value of pixel (i,7) across 500
interference unaffected depth frames, calculated as:

if median(d;,
otherwise,

i) =0, n

d\_%J +d|’N+1
2

where d; denotes the i-th value in the ordered list of pixel values
and N is the total number of frames. The sensor artifact mask
created using this method indicates the regions in the scene that
are likely to represent invalid depth values.

Second, the interference artifact mask identifies regions of
interference artifacts in each interference affected depth frame.
Considering that interference typically distorts values outside
the sensor’s measured data distribution, we created the interfer-
ence artifact mask using an interquartile range (/ Q R) [31] based
outlier detection method on the distribution of non-zero pixels
in the interference unaffected data. From the 500 interference
unaffected depth frames, the lower 25% value ((Q1) and the upper
75% value (Q3) for each pixel distribution were calculated,
excluding zeros, as:

median(d) = 1 P

3)
“

where dponzero 18 the non-zero depth value and M is the total
number of non-zero depth values for each pixel. The IQ R was
given by:

Q1= dnon—zero(LO.QSJ\/[j%
Q3= dnon-zero((O.?SM})»

IQR = Q3 — Q1. 5)
The normal range was defined as:
R =[Q1—-15IQR, Q3+ 1.5IQR], (6)
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Main architecture of DRIM. This architecture consists of a shared encoder, HARP, and separate task-specific decoders. The features from the HARP are

fed into the mask decoder and the depth decoder to preserve fine details. The mask decoder predicts the sensor artifact mask and interference artifact mask, while
the depth decoder utilizes the predicted masks to restore the interference affected depth data, a process which we term MaGIC.

where R represents normal range. Pixels in the interference

affected depth data d that fell outside this normal range and
did not overlap with the sensor artifact mask were defined as
interference artifacts in the mask:

O7 ifd’i’j Q/ R and Sl"j = 1,
1, otherwise,

Li; = (N

where [ is interference artifact mask.

Lastly, the GT depth data represents the depth data fully
restored from the effects of interference, which is the final
output we aim to reconstruct. To generate the GT depth data,
we computed the mean of the non-zero pixel values from the
interference unaffected data. The GT depth value for each pixel
was defined as:

1 Nij gk Q.
Ni, PO di,j? ifS;; =1,
, otherwise,

®)

Dgr;; =

where Dqgr; ; represents the GT depth value, dﬁ ,; denotes the
depth values of the non-zero pixel across the interference unaf-
fected frames k, and IV; ; is the number of non-zero depth values.
By using the mean of the non-zero values, we ensured that the
GT depth data reflects the expected values for the valid pixels.
Pixels corresponding to the sensor artifact mask are initialized
to zero to finalize the GT depth.

IV. METHOD

We propose depth restoration with interference mitigation
(DRIM), anovel depth restoration model. As illustrated in Fig. 3,
our architecture adopts a shared encoder and modified UperNet-
based [32] decoders for mask prediction and depth restoration,
integrating a mask-guided interference correction (MaGIC) and
a high-resolution attention refinement path (HARP) as its main
contributions.

A. Mask-Guided Interference Correction (MaGIC)

The MaGIC predicts a three-class segmentation mask from
the interference affected depth input D € R™>H*W (o provide
spatial guidance for selective restoration. To guide the depth
decoder, we concatenate the predicted mask probability maps
(background, sensor, interference) with the decoder features at
multiple scales. These three-channel mask maps are resized
to match the spatial dimensions of the decoder features and
concatenated along the channel axis. This multi-scale inte-
gration ensures consistent artifact-aware guidance from coarse
to fine resolutions, enabling the network to focus restoration
on interference artifacts while preserving sensor artifacts. The
mask guidance effectively prevents unnecessary modifications
to regions that should remain unchanged.

B. High-Resolution Attention Refinement Path (HARP)

To address the loss of fine spatial details during encoder
downsampling, we introduce a HARP. This auxiliary branch
processes the input depth data at full resolution without
downsampling operations, complementing the main encoder-
decoder architecture. HARP consists of shallow residual
blocks combined with Convolutional Block Attention Modules
(CBAM) [33] to capture fine-grained features such as edges
and fine textures. The high-resolution features from HARP are
integrated into both decoders through skip connections, provid-
ing critical spatial information for accurate artifact classification
and depth restoration. By leveraging CBAM, HARP selectively
emphasizes important spatial features while filtering out noise,
which is essential for distinguishing between sensor artifacts
that should be preserved and interference artifacts that must
be removed, particularly in challenging regions such as thin
structures and boundaries.

C. Loss Functions

We adopt a composite depth
NeRD-Rain [24], combining

loss inspired by
Charbonnier loss,
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DEPTH INTERFERENCE DATASET. BOLD INDICATES THE BEST, WHILE UNDERLINE REPRESENTS THE SECOND BEST RESULTS

QUANTITATIVE COMPARISON WITH OTHER IMAGE RESTORATION METHODS. EACH MODEL WAS TRAINED AND EVALUATED WITH MULTIPLE SEEDS USING OUR

Models Runtime (s) | RMSE (m) | MAE (m) | Artifacts RMSE (m) |  Artifacts MAE (m) |
Input - 0.0984 0.0122 0.3690 0.1267
M3SNet 0.034640.0004  0.0213+0.0001  0.0028+0.0001 0.08264-0.0008 0.020240.0011
NeRD-Rain 0.4468+0.0003 0.0206-+0.0001 0.0027+0.0001 0.0795+0.0002 0.01944-0.0003
Refusion 7.77384+0.0266  0.0469+0.0007  0.0055+0.0001 0.1697+0.0015 0.0488+0.0008
WeatherDiffusion  15.822740.0988  0.029540.0001  0.00334-0.0000 0.11304-0.0002 0.0241+-0.0000
DRIM w/o mask  0.02524+0.0007  0.0210+0.0001  0.003240.0001 0.0826+-0.0001 0.0214+-0.0003
DRIM (Ours) 0.029940.0014  0.0199+0.0001  0.0027-0.0001 0.0774+-0.0005 0.0183-0.0002
frequency consistency loss, edge-aware loss, and L; term: evaluation metrics were as follows:
1/2
_ 1 2
‘Cd = ‘Cchar + )\lﬁfft + )“2£edge + )\35517 (9) RMSEATt = @ Z (DGTi’j - DPv‘edi,j) )
with A1 = 0.01, Ao = 0.05, and A3 = 0.1. For segmentation, we (6,7)€2 1
use the standard cross-entropy loss as the mask loss: (12)
N 1
£m = ACCE(]\47 Mqt), (10) MAEA'I't - @ Z |DGTi,j - DPredi,j| ) (13)
(4,7)eQ
and train both tasks jointly: o
0= {(Z,])|Ii7j ZO\/S,L',]' ZO}, (14)

ﬁtotal = ﬁd + )"mﬁmy )\m =0.8. (11)

V. EXPERIMENTAL RESULTS

Here, we conducted a comparative analysis between our
method and existing image restoration methods. Then, we
demonstrated the ability to restore depth in challenging sce-
narios, including multi-camera setups and environments with
diverse types of depth cameras. Through ablation studies, we
addressed the question of whether classifying and utilizing arti-
facts is effective for restoring depth data affected by interference.
Moreover, we evaluated the performance based on the each
component of the architecture.

A. Implementation

We trained DRIM for 100 epochs with AdamW opti-
mizer [34]. The learning rate was set to 0.0005 and the weight
decay was set to 0.0001. Also, the learning rate was decayed
exponentially with a gamma of 0.9. We employed a Swin Trans-
former V2 [35] pre-trained backbone for the encoder. We trained
the model with a batch size of 32 using 256 x 256 resolution
images and validated with a batch size of 16 using 640 x 480
resolution images. To perform unseen testing, we constructed
the training, validation, and test datasets using non-overlapping
scenes. Thus, the dataset consisted of 24 k training images, 8 k
validation images, and 8 k test images. The experiments were
conducted on NVIDIA RTX A6000 GPU.

B. Performance Evaluation

We evaluated our method against four baseline methods for
image restoration, with all models trained on our depth interfer-
ence dataset. We measured both the overall RMSE and MAE,
and the Artifacts RMSE and MAE, the latter of which were
computed from the pixels within the GT sensor artifact mask
and GT interference artifact mask. The formula for the latter

where RM S E 4,4 referred to the Artifact RMSE, M AFE 4.+ rep-
resented the Artifact MAE, and Dp;..q; ; denoted the restored
depth.

As shown in Table I, DRIM achieved the best performance
across all metrics, recording the lowest RMSE of 0.0199 m,
MAE of 0.0027 m, artifacts RMSE of 0.0774 m, and arti-
facts MAE of 0.0183 m. In addition to its accuracy, ours
demonstrated superior computational efficiency, processing
each frame in 0.0299 seconds, which corresponded to approx-
imately 33 FPS and enabled real-time performance. Compared
to the strongest baseline, NeRD-Rain, which achieved a similar
MAE of 0.0027 m but required 0.4468 seconds per frame (ap-
proximately 2.2 FPS), our method offered a 15x speedup while
maintaining higher accuracy. These results showed DRIM’s
effectiveness for real-time depth restoration in regions affected
by interference and sensor artifacts. In addition, comparison
with DRIM trained without mask demonstrated the architectural
advantage of restoring depth by distinguishing between sensor
and interference artifacts.

The qualitative evaluation further validated our quantitative
findings. Fig. 4 presented a visual comparison demonstrating
our method’s ability to effectively reduce interference artifacts
(blue boxes) while preserving sensor artifacts (red boxes). The
3D point cloud visualization in Fig. 5 showed the superior
reconstruction quality of flat surfaces such as walls and floors
(blue boxes).

C. Performance Evaluation in Challenging Scenarios

We conducted additional experiments to evaluate the perfor-
mance of our method in restoring depth in challenging scenarios.
The first scenario involved a case of increased interference by
adding a LiDAR depth camera, as seen in Fig. 6. We created a
test dataset for evaluation in this scenario and ran an unseen test.
As shown in Table II for scenario 1, ours achieved the lowest
MAE of 0.0038 m, and Artifacts MAE of 0.0151 m. Although
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NeRD-Rain achieved the lowest RMSE and Artifacts RMSE
among all baselines, our model attained comparable RMSE and
Artifacts RMSE. Even in scenario with significant interference,
the interference followed the laser trajectory of the LIDAR depth
camera. Thus, our method restored depth even in situations with
increased interference.

The second scenario involved interference caused by cameras
based on the ToF principle. We constructed a scenario with
interference using two Azure Kinect DK devices, as shown in
Fig. 6. We created a test dataset for evaluation in this scenario,
and performed an unseen test. As shown in Table II for scenario
2, our method achieved the lowest MAE of 0.0034 m, and
artifacts MAE of 0.0204 m. The Azure Kinect DK estimated
depth through 9 infrared pulses. Consequently, when two Azure
Kinect DK cameras were used, interference manifested as up

WAS EVALUATED WITH MULTIPLE SEEDS USING OUR CHALLENGING TEST
DATASET. BOLD INDICATES THE BEST, WHILE UNDERLINE REPRESENTS THE
SECOND BEST RESULTS

. Artifacts Artifacts
Scenarios Models RMSE (m) | MAE (m) | RMSE (m) |, MAE (m) |

Input 0.1398 0.0196 0.3613 0.1095

M3SNet 0.0281 0.0046 0.0727 0.0192

1 NeRD-Rain 0.0251 0.0039 0.0649 0.0157

Refusion 0.0598 0.0080 0.1514 0.0388

WeatherDiffusion 0.0382 0.0058 0.0998 0.0252

DRIM (Ours) 0.0253 0.0038 0.0659 0.0151

Input 0.1819 0.0417 0.6341 0.4758

M3SNet 0.0256 0.0037 0.0859 0.0227

5 NeRD-Rain 0.0247 0.0036 0.0823 0.0215

Refusion 0.0753 0.0102 0.2470 0.0935

WeatherDiffusion 0.0375 0.0043 0.1245 0.0282

DRIM (Ours) 0.0248 0.0034 0.0832 0.0204

to 18 distinct lines in the depth data captured by the LiDAR
depth camera. Despite this specific and challenging interference
pattern originating from ToF cameras, our method successfully
restored the depth data in these challenging scenarios. To visu-
ally evaluate the two scenarios, we presented qualitative results
inFig. 6. Our method showed superior restoration of interference
artifacts (blue boxes). Through these results, we demonstrated
that our method is applicable even in challenging scenarios.

D. Ablation Studies

1) Analysis of Artifact Separation Strategy: We proposed
a method for restoring depth data by classifying artifacts in
interference affected depth data into sensor and interference ar-
tifacts. To evaluate this, we examined five settings: (1) restoring
depth without predicting any artifacts, (2) predicting only the
sensor artifact mask (background, sensor), (3) predicting only
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TABLE III
DEPTH RESTORATION RESULTS BASED ON THE TYPES OF ARTIFACTS USED.
EACH SETTING WAS COMPOSED ACCORDING TO THE ARTIFACTS PREDICTED
DURING THE RESTORATION PROCESS

Sensor Interference

Setting Artifact Artifact RMSE (m) MAE (m) |
1 0.0210 0.0032
2 v 0.0201 0.0027
3 v 0.0208 0.0032
4 v 0.0201 0.0028
5 (DRIM) v v 0.0199 0.0027

" -

Fig. 7.
The number in the top-left corner of the images corresponds to the setting number
in Table III.

Visualization of restoration results based on the types of artifacts used.

TABLE IV
DEPTH RESTORATION RESULTS BASED ON MODULES
COMPRISING THE ARCHITECTURE

Setting MaGIC HARP RMSE (m)| MAE (m) |
Baseline 0.0217 0.0036
1 v 0.0207 0.0033
2 v 0.0210 0.0032
DRIM v v 0.0199 0.0027

the interference artifact mask (background, interference), (4)
predicting a merged mask of sensor and interference artifacts
without distinction (background, sensor & interference), and
(5) our approach with explicit classification into sensor and
interference artifacts (background, sensor, interference).

As shown in Table III, our method (Setting 5) achieved the
best performance with RMSE 0.0199 m and MAE 0.0027 m.
Setting 2, predicting only interference artifacts, showed RMSE
0.0201 m, while Setting 3, focusing on sensor artifacts, showed
RMSE 0.0208 m. These results indicate that restoring interfer-
ence artifacts and preserving sensor artifacts are both essen-
tial. Setting 4, predicting both artifacts jointly, yielded RMSE
0.0201 m, inferior to our separation approach. Thus, distinguish-
ing artifact types is important for optimal restoration. As shown
in Fig. 7, ours successfully restored interference artifacts (blue
boxes) while preserving sensors (red boxes).

2) Ablation on DRIM Architecture: We proposed an archi-
tecture that effectively restored interference affected depth data
employing MaGIC and HARP. To evaluate the individual con-
tributions of these key components, we conducted an ablation
study as shown in Table IV. Starting from the baseline, which
had RMSE of 0.0217 m and MAE of 0.0036 m, adding MaGIC
alone improved to RMSE of 0.0207 m and MAE of 0.0033 m.
Applying only the HARP led to RMSE of 0.0210 m and MAE
of 0.0032 m. The complete DRIM model, incorporating both
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Fig. 8. Visualization of restoration results based on modules comprising the
architecture.
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Fig. 9.  6-DoF pose estimation results using restored depth.

components, achieved the best performance with RMSE of
0.0199 m and MAE of 0.0027 m, demonstrating that the two
components were essential and complementary for effectively
restoring depth data affected by interference. As shown in
Fig. 8, ours demonstrated superior restoration of the artifacts
highlighted by the blue boxes.

E. Application of Restored Depth to Pose Estimation

We conducted an application experiment through 6-Degrees
of Freedom (DoF) pose estimation. We performed model-based
6-DoF pose estimation using FoundationPose [36], which takes
RGB, depth, and mask as inputs. For this, we utilized Grounded-
SAM [37] to generate object masks and used the depth restored
by each model. We estimated the pose of a “soccer ball” in
100 frames. Since the “soccer ball” had a symmetric property,
we fixed the rotation and compared only the translation error.
The pose estimated using ground truth depth was used as the
ground truth pose, and the translation error was calculated as
the Euclidean distance between the estimated and ground truth
translations. We compared our method with M3SNet, which
offers reasonable processing speed, NeRD-Rain, which pro-
vides competitive restoration quality, and interference affected
depth without any restoration. As shown in Fig. 9, our method
achieved the lowest translation error of 2.6416 mm. This result
represented a 71.3696% improvement over the interference af-
fected depth input. Furthermore, as demonstrated by the overlap
between the predicted pose (red bounding box) and ground
truth pose (blue bounding box), our method yielded the closest
alignment—the two bounding boxes matched most accurately
among all methods.
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VI. CONCLUSION

We propose DRIM for restoring depth data affected by inter-
ference from multiple LIDAR depth cameras. Ours first classifies
artifacts caused by interference, then predicts and leverages them
to restore accurate depth. To enable this, we introduce the first
depth interference dataset designed for learning interference
scenarios in multi-LiDAR setups. Experimental results show
that our method outperforms existing image restoration methods
in both accuracy and robustness, even under challenging con-
ditions. Importantly, ours achieves real-time performance (=33
FPS), making it suitable for practical deployment in dynamic
environments. However, since this study addresses interference
in a limited set of LiDAR depth cameras, future work should
aim to investigate interference across a broader range of LIDAR
depth cameras.
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