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Abstract—Depth completion and super-resolution are crucial
tasks for comprehensive RGB-D scene understanding, as they in-
volve reconstructing the precise 3D geometry of a scene from sparse
or low-resolution depth measurements. However, most existing
methods either rely solely on 2D depth representations or directly
incorporate raw 3D point clouds for compensation, which are still
insufficient to capture the fine-grained 3D geometry of the scene.
In this paper, we introduce Tri-Perspective View Decomposition
(TPVD) frameworks that can explicitly model 3D geometry. To
this end, (1) TPVD ingeniously decomposes the original 3D point
cloud into three 2D views, one of which corresponds to the sparse or
low-resolution depth input. (2) For sufficient geometric interaction,
TPV Fusion is designed to update the 2D TPV features through
recurrent 2D-3D-2D aggregation. (3) By adaptively searching for
TPV affinitive neighbors, two additional refinement heads are
developed for these two tasks to further improve the geometric
consistency. Meanwhile, we build novel datasets named TOFDC
for depth completion and TOFDSR for depth super-resolution.
Both datasets are acquired using time-of-flight (TOF) sensors and
color cameras on smartphones. Extensive experiments on TOFDC,
KITTI, NYUv2, SUN RGBD, VKITTI, TOFDSR, RGB-D-D, Lu,
and Middlebury datasets indicate that our TPVD outperforms
previous depth completion and super-resolution methods, reaching
the state of the art.

Index Terms—Depth completion, depth super-resolution, view
decomposition, geometry propagation, TOF RGB-D dataset.

I. INTRODUCTION

OVER the past decade, the rapid development of software
and hardware technologies has led to the widespread

adoption of RGB-D devices in daily life. Notably, common depth
sensors paired with color cameras include Kinect, RealSense,
TOF, and LiDAR. These RGB-D data capture systems have
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extensive applications in the field of computer vision, such as
scene understanding [1], [2], [3], [4], [5], [6], [7], [8], [9], 3D
reconstruction [10], [11], [12], [13], [14], [15], and autonomous
driving [16], [17], [18], [19], [20], [21], [22], [23], [24], [25]. All
of these applications are highly dependent on accurate and reli-
able depth predictions. However, due to the inherent constraints
of the hardware and challenging environments, depth sensors
are unable to provide pixel-wise depth feedback, particularly in
outdoor scenarios where the depth density can be as low as 5% .
Moreover, the disparity in development between color cameras
and depth sensors results in existing color cameras easily captur-
ing ultra-high-definition (e.g.,3648× 2736) color images, while
the corresponding depth sensors are limited to low-resolution
(240× 180) depth maps. Therefore, for realistic applications,
it is essential to complete sparse depth data and enhance the
resolution, leading to the emergence of depth completion and
depth super-resolution tasks.

Depth completion aims to recover dense depth maps from
noisy sparse depth measurements. As illustrated in Fig. 1(a),
most previous depth completion methods [10], [18], [24], [26],
[27], [28], [29], [30], [31] focus on 2D feature space to learn
depth representations, leading to a severe lack of 3D geometric
information. As an alternative, some recent approaches [21],
[32], [33], [34], [35], [36], [37] attempt to incorporate 3D geo-
metric priors directly from raw point clouds, rather than relying
only on 2D representations. For example, Zhou et al. [21] and
Yu et al. [37] propose extracting point cloud features to incor-
porate 3D geometry into their 2D depth generation branches.
However, as we known that the point clouds in 3D space are
extremely sparse and their point distributions are varying in dif-
ferent distances, both of which deeply impede the performance
of recent models.

Different from depth completion, the depth source for depth
super-resolution is dense but low-resolution. As depicted in
Fig. 1(b), mainstream depth super-resolution models [2], [6],
[9], [38], [39], [40], [41], [42], [43] pay more attention to 2D
feature space to restore geometric structures. For instance, the
filtering based series [43], [44], [45] generate filtering kernels
from color images to guide the adaptive recovery of depth details.
Tang et al. [42] and De et al. [3] present implicit interpola-
tion and graph regularisation for further depth refinement near
boundaries and other non-smooth areas. However, modeling
the geometry solely from 2D RGB-D pairs in 2D space is
insufficient, as it overlooks the richer and more fine-grained
geometric priors present in raw 3D point clouds. Notably, all
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Fig. 1. Framework comparison. Previous 2D methods focus on 2D space to recover dense or high-resolution depth, while recent 2D-3D joint approaches introduce
3D point clouds for assistance. Differently, our TPVD decomposes the 3D point clouds into three 2D views to densify the sparse or enhance the low-resolution
input while preserving the 3D geometry. LR: low-resolution, HR: high-resolution.

super-resolution processes involve increasing resolution from
low to high, resulting in the depth source with fixed pixels, as
well as the point cloud, becoming sparse.

To address the above challenges, we propose novel tri-
perspective view decomposition (TPVD) frameworks for depth
completion and super-resolution. As shown in Fig. 1(a) and (b),
unlike existing 2D based approaches [3], [9], [17], [24], [43],
[46] or 2D-3D joint methods [21], [32], [37], our TPVD cleverly
decomposes 3D point clouds into three 2D views: top, front, and
side. It is worth mentioning that the sparse or low-resolution
depth input corresponds exactly to the front-view map. This
decomposition enables TPVD to densify sparse or enhance the
low-resolution 3D point clouds in 2D space using 2D convo-
lutions. To leverage the 3D geometric priors more effectively,
TPVD employs a recurrent 2D-3D-2D TPV Fusion scheme. In
this scheme, the denser 2D TPV features are projected back to
3D space to obtain coarse structural representations. Then, a
distance-aware spherical convolution (DASC) is applied to en-
code the points with varying distributions in a compact spherical
space, contributing to refined geometric structures. Next, the 3D
spherical features are re-projected into 2D space to update the
initial 2D TPV features. That is to say, the 2D process predicts
more valid pixels to enrich the 3D process with denser points,
while the 3D process captures geometry and feeds it back to the
2D process. These two processes complement each other.

Furthermore, TPVD incorporates two plug-and-play refine-
ment heads for these two tasks. To be specific, for depth com-
pletion, TPVD designs a geometric spatial propagation network
(GSPN) for full-scale 3D geometric refinement. Unlike previous
2D SPN [27], [28], [47], [48] and 3D SPN [21], [36] methods
that generate their affinitive neighbors in either a single 2D space
or a bird’s-eye view space, GSPN constructs the affinity simul-
taneously in the three decomposed 2D TPV spaces and their

joint 3D projection space. Therefore, the affinity preserves both
the neighborhood information and the 3D geometric structures.
For depth super-resolution, numerous studies have demonstrated
the necessity and effectiveness of residual learning. However,
we find that the GSPN without any residual connections is not
suitable for this task. Instead, TPVD introduces a geometric
sparse-pair transform (GSPT), which constructs multi-scale ge-
ometric affinity by integrating highly compressed top and side
views. It updates the front-view coarse depth through a recurrent
residual unit that performs lookups on the cross-view affinity.

In addition, since depth cues play a crucial role in precise
3D reconstruction and human-computer interaction, TOF depth
sensors are increasingly deployed on edge mobile devices. This
paper introduces a depth completion dataset, termed TOFDC,
and a depth super-resolution dataset, termed TOFDSR, collected
using a smartphone that has both a TOF lens and a color camera.
It is worth noting that TOFDC is the first mobile TOF-based
depth completion benchmark, while TOFDSR is the largest real-
world super-resolution dataset.

This paper builds upon the initial version of our CVPR 2024
conference paper (Oral presentation) [23]. In this extended
version, we expand its application from depth completion to
depth super-resolution, both of which are RGB-D based depth
perception tasks. Unlike previous approaches that depend solely
on 2D depth representations, we introduce 3D point clouds
to explicitly model 3D geometry through TPV decomposition,
fusion, and GSPT refinement. Additionally, we have developed
a novel large-scale dataset named TOFDSR. It is the second
real-world depth super-resolution dataset and contains an order
of magnitude more data than the first.

In summary, our contributions are listed as follows:
� We introduce novel TPVD frameworks for tasks of depth

completion and super-resolution, which are capable of
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densifying the sparse input or enhancing the resolution
whilst retaining rich 3D geometry.

� We propose TPV Fusion to leverage the 3D geometry effec-
tively via recurrent 2D-3D-2D interaction, where DASC
is applied to handle the distance-varying distributions of
depth points. Besides, two refinement heads, i.e., GSPN
and GSPT, are designed to further produce fine-grained
3D geometric structures.

� We build two novel datasets, i.e., TOFDC for depth comple-
tion and TOFDSR for depth super-resolution, both making
significant contributions to their respective fields.

� Extensive experiments verify the consistent superiority
of our method. TPVD surpasses previous state-of-the-
art depth completion and super-resolution approaches on
nine datasets, i.e., TOFDC, KITTI, NYUv2, SUN RGBD,
VKITTI, TOFDSR, RGB-D-D, Lu, and Middlebury.

II. RELATED WORK

A. Depth Completion

1) 2D Based: Usually, the sparse depth is taken from struc-
tured light [49], TOF [50], LiDAR [26], stereo cameras [51],
or structure from motion [52]. Recent 2D based image-guided
methods [29], [31], [53], [54] focus on RGB-D fusion by direct
concatenation or summation. Differently, GuideNet [55] adopts
a guided filtering, whose kernel weight is from the guided
RGB image. FCFRNet [56] designs an energy-based fusion to
integrate the RGB-D features. RigNet [17] and RigNet++ [30]
propose a new guidance unit with low complexity to produce the
dynamic kernel. GFormer [13] and CFormer [18] concurrently
leverage convolution and transformer to extract both local and
long-range representations. Most recently, LRRU [31] presents a
large-to-small dynamical kernel scope to capture long-to-short
dependencies. However, these 2D based methods deployed in
2D space cannot reserve very precise 3D spatial geometry.

2) 2D-3D Joint: It is more intuitive and effective to capture
geometric structures with 3D representations, such as surface
normals [1], [33], graphs [34], [36], point clouds [32], [35],
[37], and voxels [21]. For the first time, DLiDAR [33] and
DepthNormal [1] introduce surface normals to boost the per-
formance. In view of the effectiveness of the graph neural
networks in representing neighborhood relation, ACMNet [34]
applies attention-based graph propagation for multi-modal fu-
sion. GraphCSPN [36] leverages convolution neural networks
as well as graph neural networks in a complementary way for
geometric learning. Lately, FuseNet [32] and PointDC [37]
involve LiDAR point cloud branches to model 3D geometry.
Moreover, BEV@DC [21] adopts point-voxel architecture based
on bird’s-eye view for better effectiveness-efficiency trade-off.
Different from these 2D-3D joint methods, our TPVD restores
dense 2D depth in 2D space while retaining the 3D geometric
priors through point cloud decomposition.

3) Spatial Propagation Network: SPN [27] is increasingly
emerging in both 2D based [28], [30], [48] and 2D-3D joint [21],
[36] depth completion methods. It digs local or non-local neigh-
bors by 2D and 3D anisotropic filtering kernels. Initially, 2D
SPNs [57] are first proposed to learn pairwise similarity matrix.
CSPN [58] conducts recursive convolutions with fixed local

neighborhood kernels for improvement, while CSPN++ [27]
learns adaptive kernel sizes. PENet [29] further enlarges the
receptive fields with dilated convolutions. Differently, NL-
SPN [28] incorporates non-local neighbors via deformable con-
volutions. Similarly, DySPN [48] produces dynamic non-linear
neighbors by attention mechanism. 3D SPNs [59] are commonly
embedded in 2D-3D joint methods to utilize 3D geometry. For
example, S3CNet [60] computes key spatial features from Li-
DAR by a 3D spatial propagation unit. GraphCSPN [36] uses ge-
ometric constraints to regularize the 3D propagation. Recently,
BEV@DC [21] conducts a point-voxel spatial propagation net-
work for 3D dense supervision. Differently, we aggregate the
2D affinitive neighbors in 2D TPV spaces, resulting in gradual
refinement of 3D geometry.

B. Depth Super-Resolution

Research on depth super-resolution predominantly focuses
on 2D-based approaches. Leveraging the rich structure of color
images, guided methods [11], [14], [61], [62], [62], [63], [64],
[65], [66], [67], [68] have attracted considerable attention. For
example, [69] presents a symmetric uncertainty method to select
effective RGB information for high-resolution depth recovery
while avoiding detrimental textures. [43] introduces a joint im-
age filtering technique that adaptively determines the neighbors
and their weights for each pixel. [70] proposes a multi-modal
convolutional sparse coding approach to automatically separate
common and private features across different modalities. Sim-
ilarly, [14] develops a discrete cosine network to extract both
shared and specific multi-modal information.

Besides, some methods leverage multi-task learning frame-
works to harness complementary knowledge, including depth
estimation, depth completion, and depth super-resolution. For
instance, [2] introduces an auxiliary depth completion branch to
propagate the correlation of dense depth into the depth super-
resolution branch. [71] transforms RGB data into a space closer
to the depth space via depth estimation, facilitating RGB-D
fusion. Furthermore, [72] develops cross-task knowledge dis-
tillation to exchange correlations between their depth super-
resolution and depth estimation branches.

Most recently, [73] designs a structure flow-guided net-
work to learn edge-focused guidance features for depth struc-
ture enhancement. Concurrently, graph regularization [3] and
anisotropic diffusion [65] are applied to enhance depth structure
recovery. Moreover, [74] significantly improves video depth
super-resolution using consistency constraints and direct TOF
data. [45] leverages scene priors from large vision models for
high-quality depth super-resolution. [68] presents a novel ap-
proach that preserves intrinsic phase information, leading to
more accurate and detailed depth reconstruction.

Different from these 2D based depth super-resolution meth-
ods, our TPVD enhances depth resolution in 2D space while
preserving 3D geometric priors via point cloud decomposition.

C. Geometric Decomposition for Depth

Depth information plays a vital role in 2D-to-3D conversion,
as it provides essential geometric cues that aid in understanding
the spatial structure of a scene. Recently, an increasing number
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Fig. 2. Pipeline of TPVD for depth completion. The 3D point cloud is first projected into top, side, and front views, where the raw 2D sparse depth input
corresponds to the front view. Then the three views are fed into 2D UNets to produce TPV features that are aggregated by the 2D-3D-2D TPV Fusion, obtaining
denser depth with richer geometry. Finally, on the output side, the plug-and-play geometric spatial propagation network (GSPN) generates refined depth results
with consistent geometry. DASC refers to the distance-aware spherical convolution.

of studies have focused on decomposing depth to simplify
tasks and achieve accurate prediction results. For the first time,
DORN [75] discretizes depth and reformulates depth network
learning as an ordinal regression problem. Subsequently, sev-
eral methods [76], [77], [78] are proposed to further enhance
DORN by reinterpreting this discretization as bins. Recently,
Liu et al. [5] utilizes multivariate Gaussian distribution to model
per-pixel scene depth. NDDepth [7] parametrizes plane repre-
sentation by assuming that 3D scenes are composed of piece-
wise planes. TPVFormer [79] decouples 3D voxels into three
2D planes via pooling operations. OccNeRF [80] decouples the
3D occupancy task into 2D depth estimation and 2D semantic
segmentation. These innovative approaches have significantly
inspired us to advance depth completion and super-resolution
using geometric decomposition.

D. Feature Plane Decomposition

Plane-based decomposition has emerged as an efficient
paradigm for representing high-dimensional scene information.
K-Planes [81] factorize radiance fields into a set of learnable,
axis-aligned 2D planes, enabling compact modeling across spa-
tial, temporal, and appearance domains. TK-Planes [82] ex-
tend this idea with tiered high-dimensional features to better
capture dynamics in UAV scenes. A similar strategy is em-
ployed in event-based video reconstruction [83], where inter-
polated multi-plane features support temporally coherent video
synthesis from sparse RGB-event inputs. Although originally
developed for rendering and synthesis, these methods inspire
our depth completion approach. We adopt a view-decoupled
design that projects 3D points onto three orthogonal planes,
enabling structured reasoning and efficient RGB-depth fusion
under sparse inputs.

III. METHODOLOGY

The pipelines of TPVD for depth completion and super-
resolution are illustrated in Figs. 2 and 6, respectively. These

Fig. 3. Percentage of non-empty units across different distances between cubic
and our spherical transformations.

two pipelines share a very similar architecture, with slight dif-
ferences in the backbone details and the task-specific refinement
modules. Therefore, we use the TPVD for depth completion as
an example to elaborate on from Sections III-A to III-E, followed
by a description of the different design for depth super-resolution
in Section III-F.

A. Network Architecture

Fig. 2 shows our pipeline that consists of TPV projection,
TPV interaction, and geometry-aware refinement. Specifically,
the 3D point cloud is first projected into top, side, and front
sparse depth views. Then three symmetric subnetworks [55],
[84] are employed to extract the TPV features, where the TPV
Fusion with a distance-aware spherical convolution (DASC)
is designed to leverage the 3D geometric priors. Finally, to
obtain dense completion with more fine-grained geometry, the
geometric spatial propagation network (GSPN) further improves
the geometric consistency.

B. TPV Projection

Given a 2D sparse depth map S ∈ RH×W with the binary
maskm, we first transform it into a 3D point cloud, which is then
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processed by a Multi-layer Perceptron (MLP) and two continu-
ous convolutions [32] to generate the point feature P ∈ RN×3.
Then we employ Ptpv to project the 3D P into 2D orthogonal
top-view Vt ∈ RW×D, side-view Vs ∈ RD×H , and front-view
Vf ∈ RH×W . Particularly, we combine S and Vf via the mask
m to update Vf :

(Vt, Vs, Vf ) = Ptpv(P),

Ṽf = S+ (1−m)Vf . (1)

Unless stated, we use Vf to represent Ṽf for simplicity below.

C. TPV Interaction

In Fig. 2, we use ht, hs, and hf subnetworks to encode Vt,
Vs, and Vf , as well as the image I that is aligned with Vf . In
each ith layer of the three decoders, their intermediate features
are severally denoted as Fi

t ∈ RWi×Di×Ci , Fi
s ∈ RDi×Hi×Ci ,

and Fi
f ∈ RHi×Wi×Ci . While 1 ≤ i ≤ 4:

Fi
t = ht (Vt) , F

i
s = hs (Vs) , F

i
f = hf (Vf , I) . (2)

TPV Fusion: After obtaining the three 2D TPV features, we
introduce TPV Fusion. In Fig. 2 (right), there are three steps in
a single iteration of the fusion process:

1) 2D-to-3D: To learn 3D geometric priors, the 2D Fi
t, F

i
s,

andFi
f are jointly projected back to the 3D Cartesian coordinate,

yielding Fi
xyz . Then, the k-Nearest Neighbor (KNN) computes

thek relevant neighbors, while MLP further maps the aggregated
features, obtaining the 3D F̃i

xyz:

Fi
xyz = P−1

tpv

(
Fi

t, F
i
s, F

i
f

)
, (3)

F̃i
xyz = hkm

(
Fi

xyz

)
, (4)

where hkm(·) denotes the combined KNN and MLP.
From the blue bars of Fig. 3 we observe that, the point clouds

exhibit extreme sparsity that is less than 5%, with their point
distributions varying across different distances. To weaken the
negative impact of the diverse point distributions, a 3D-to-3D
strategy is adopted.

2) 3D-to-3D: The 3D cubic F̃i
xyz is re-projected into the

3D spherical coordinate by Psph that produces Fi
rθϕ. Then,

a distance-aware spherical convolution (DASC) is applied to
create the 3D spherical feature F̃i

rθϕ, which refines the geometry
in the more compact space:

Fi
rθϕ = Psph

(
F̃i

xyz

)
, (5)

F̃i
rθϕ = hdasc

(
Fi

rθϕ

)
, (6)

where hdasc(·) refers to the DASC function (see (9)).
From the orange bars of Fig. 3 we discover that, our 3D-to-3D

strategy can better balance the varying point distributions, es-
pecially over long distances. After extracting the rich geometric
structures in 3D space, we employ a 3D-to-2D tactic to further
densify the sparse depth.

3) 3D-to-2D: The 3D feature F̃i
rθϕ is projected into 2D space

to update the initial 2D Fi
t, F

i
s, and Fi

f with 2D convolutions

Fig. 4. Comparison of common 3D cubic convolutions and our proposed
distance-aware spherical convolutions.

h2c, yielding new 2D TPV features:(
F̃i

t, F̃
i
s, F̃

i
f

)
= h2c

(
Ptpv

(
P−1
sph

(
F̃i

rθϕ

)))
. (7)

In the TPV Fusion process, the 2D decoder layers generate an
increased number of valid pixels, which enriches the 3D process
with a higher density of points. Concurrently, the 3D process
captures geometry and feeds it back into the 2D process. These
two processes are complementary.

Particularly, at the output ends of the three TPV subnetworks,
we employ three 2D convolutions to predict coarse TPV depth
results, obtaining:

Ot = h2c

(
F̃4

t

)
, Os = h2c

(
F̃4

s

)
, Of = h2c

(
F̃4

f

)
. (8)

Distance-Aware Spherical Convolution: Given the 3D input
Fi

rθϕ in (5), it is sliced by S into different spherical subareas

Asph = {A1
sph, . . . ,A

j
sph}, each with larger volume |Aj

sph|
as the distance d increases, i.e., |Aj | ∝ d. Then, these spher-
ical subareas are flattened by F1 into cubic shapes Acub =
{A1

cub, . . . ,A
j
cub} and filtered by h3c, a 3D convolution with

kernel 3× 3× 3 and stride 1. Consequently, (6) can be rewritten
as:

F̃i
rθϕ = F−1(h3c

(F (S (Fi
rθϕ

)))
. (9)

Fig. 4 indicates that the d-relevant DASC involves a higher
number of valid points with more balanced distribution.

D. Geometry-Aware Refinement

Geometric Spatial Propagation Network: SPNs [57], [58]
are widely used to recursively refine the coarse depth Of . Let
Of(a,b) denotes one pixel at (a, b), while Nf(a,b) indicates its
neighbors, one of which is located at (m,n). The propagation
of Of(a,b) at step (l + 1) is defined as:

Ol+1
f(a,b) =

(
1−

∑
m,n

ωm,n
f(a,b)

)
Ol

f(a,b) +
∑
m,n

ωm,n
f(a,b)O

l
f(m,n),

(10)
where ωm,n

f(a,b) is the affinity of pixels at (a, b) and (m,n).
In Fig. 5, the key of SPNs is how to search for the neighbor

set Nf(a,b). In 2D space, CSPN [58] constructs NCS
f(a,b) within a

fixed square area excluding the centre pixel, while NLSPN [28]

1 Equirectangular projection (ERP) utilized in DUL [15]
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Fig. 5. Comparison of SPNs with different neighbor sets. ‘aggr.’ refers to
aggregation while ‘prop.’ indicates propagation.

deforms it in RH×W to build NNL
f(a,b):

NCS
f(a,b) =

{
Of(a+u,b+v) | u, v ∈ {−1, 0, 1}} , (11)

NNL
f(a,b) =

{
Of(a+u,b+v) | u, v ∈ hoff (I,S, a, b)

}
, (12)

where hoff learns the offset based on the RGB-D input.
Differently, given Ol

t, Ol
s, and Ol

f , our GSPN uses the
deformable technique hnl(·) in (10) and (12) to produce the
front-view Ol+1

f , as well as the top-view Ol+1
t and side-view

Ol+1
s in TPV spaces. Then the three views are aggregated in 3D

space [79], [85] via projection and MLP. At last, the 3D feature
is propagated back to the TPV spaces for refinement:(

Õl+1
t , Õl+1

s , Õl+1
f

)
= hgspn

(
Ol+1

t ,Ol+1
s ,Ol+1

f

)
, (13)

where hgspn(·) refers to Ptpv(hmlp(P−1
tpv(hnl(·))).

E. Loss Function

The total loss functionLdc
total for depth completion consists of

three terms, i.e., the front-view Lf , top-view Lt, and side-view
Ls. The ground truths of the front, top, and side views are ob-
tained by projecting the annotated point clouds. Following [21],
[28], [48], we adopt L1 and L2 joint loss functions to denote
Lf , Lt, and Ls. For example, Lf = L1 + L2. As a result, the
total loss function Ldc

total is defined as:

Ldc
total = Lf + αLt + βLs, (14)

where α and β are conducted to balance the three terms. Empir-
ically, we set α and β to 0.6 and 0.2, respectively.

F. Specific Designs for Depth Super-Resolution

Network Architecture: Overall, as presented in Fig. 6, the three
subnetworks of depth super-resolution share similar structures
with those of depth completion, differing only in their basic
units. Due to the sparsity of depth input, most depth completion
methods [10], [17], [23], [24], [28] employ UNet-like networks
as backbones to gradually densify the sparse data. In contrast, the
depth input for depth super-resolution is dense. The mainstream
solutions combine simple convolutions and residual techniques,
which have proven highly suitable for the depth super-resolution
task [9], [11], [14], [43], [50], [62]. Hence, following [9], [45],
[69], [87], we adopt the residual group [86] as the basic unit of
the subnetworks in Fig. 6, with each basic unit containing two
residual groups. Note that the low-resolution depth input is first
upsampled to high-resolution using bicubic interpolation, and a

residual connection is conducted at the ends of the subnetworks,
following popular depth super-resolution approaches. Finally,
we propose a geometric sparse-pair transform (GSPT) module
for further high-resolution depth refinement.

Geometric Sparse-Pair Transform: As previously discussed,
the residual strategy is essential for the performance of depth
super-resolution models. However, we observe that SPN tech-
niques [23], [28], [58], including our GSPN, are not particularly
suitable without any residuals. Therefore, we develop GSPT as
an alternative. Inspired by [88], as shown in Fig. 6, our GSPT
performs recurrent residual updates via a series of convolutional
gated recurrent units (Conv GRU) [89] and utilizes lookups from
the crossing affinity between the top view Ot and the side view
Os.

Specifically, GSPT first leverages the horizontal strip average
pooling hr

hp(·) and the vertical strip average pooling hr
vp(·) [2],

[19] to squeeze Os and Ot, yielding:

Ôr
s = hr

hp(Os), Ô
r
t = hr

vp(Ot), (15)

where Ôr
s ∈ RC×H×r and Ôr

t ∈ RC×r×W , with r ∈ {1, 2, 4, 8}
representing the adaptive output size.

Then, GSPT conducts a dot product on the squeezed sparse
pairs to construct a lightweight, geometry-aware cross-view
affinity pyramid, resulting in:

Q =
{
Ôr

s · Ôr
t , |r ∈ {1, 2, 4, 8}

}
, (16)

where Q ∈ R4C×H×W . Actually, s can be an arbitrary number.
By eliminating the pooling step, the complexity of the affinity
becomes (HW )2. Although this results in a slight performance
sacrifice, our strategy remains more efficient.

Finally, GSPT employs Conv GRUs to gradually refine the
coarse front view Of . Concretely, it performs lookups hlkp(·)
on the cross-view affinity pyramidQ, generating the hidden state
input H for the Conv GRUs:

H = hlkp(Q). (17)

For simplicity, we replace the lookup function with convolu-
tions, instead of using the complex indexing method proposed
by [88]. The outputs of the Conv GRUs are denoted as:

G1 = f1
gru

(
Of , H

1
)
,

Gl+1 = f l+1
gru

(
Gl, Hl

)
, (18)

where fgru(·) refers to the Conv GRU function. As a result, the
refined front-view depth can be described as:

Õ1
f = Vf +G1,

Õl+1
f = Õl

f +Gl. (19)

Loss Function: The total loss function Ldsr
total for depth super-

resolution has the same form as (14). But differently, following
prior depth super-resolution studies [9], [14], [50], we employ
the L1 loss function for Lf , Lt, and Ls. Consequently, the total
loss function Ldsr

total is defined as:

Ldsr
total = Lf + λLt + μLs, (20)

where λ and μ are balanced coefficients, both set to 0.1.
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Fig. 6. Pipeline of TPVD for depth super-resolution. Unlike depth completion, each layer of the three subnetworks here consists of two residual groups [86]. In
addition, we design a geometric sparse-pair transform (GSPT) specifically for the depth super-resolution task.

Fig. 7. Acquisition system and data comparison of depth completion and super-resolution. These RGB-D examples are sourced from official releases.

TABLE I
DATASET COMPARISON OF DEPTH COMPLETION AND SUPER-RESOLUTION

IV. TOFDC AND TOFDSR DATASETS

A. Overview

Fig. 7 illustrates the data acquisition system and data com-
parison of depth completion and super-resolution. The system
comprises a Huawei P30 Pro (for capturing color image and
raw depth) and a Helios sensor (for obtaining ground truth
depth). We find that the depth data from TOFDC is much
denser compared to NYUv2. Fig. 8 reveals that the depth density

in NYUv2 predominantly ranges from 60% to 80%, whereas
TOFDC exhibits a high concentration between 95% and 100% .
Fig. 9 presents the distribution of different scenarios in TOFDC
and TOFDSR, encompassing categories such as texture, flower,
light, open space, and video. As shown at the bottom of Fig. 8,
our TOFDSR has a larger amount of data with many more scenar-
ios. In total, we have collected 10,000 RGB-D pairs from these
scenarios. Table I provides a comparative analysis of datasets
for depth completion and super-resolution, underscoring that
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Fig. 8. Comparison of characteristics with widely used RGBD datasets.

Fig. 9. Distribution of different scenarios in our TOFDC and TOFDSR.

our TOFDC and TOFDSR datasets are valuable contributions to
these research domains.

B. Data Collection

As shown in Fig. 7 (left), the color camera of P30 produces
3648× 2736 color images using a 40-megapixel Quad Bayer
RYYB sensor, while the TOF camera outputs 240× 180 raw
depth maps. The industrial-level Helios TOF camera generates
640× 480 higher-resolution depth, using 0.3-megapixel Sony
DepthSense IMX556 sensor. Their depth acquisition principle
is the same, ensuring consistent depth values.

We calibrate the RGB-D system of the P30 with the Helios
TOF camera, aligning them on the 640× 480 color image
coordinate using the intrinsic (599.9, 2837.9, 1816, 1394.9) and
relative extrinsic parameters. The color images and Helios depth
maps are cropped to 512× 384, while the P30 depth maps to
192× 144. To yield dense low-resolution depth input for depth
super-resolution [50], we employ the colorization technique [90]
to fill holes in the P30 depth maps. Additionally, to produce
high-resolution sparse depth input for depth completion task, we

conduct nearest interpolation to upsample the P30 depth maps
to 512× 384. Finally, the Helios depth maps are also processed
using colorization to produce dense ground truth depth maps.

V. EXPERIMENTS

Section V-A provides a brief introduction to the related
datasets. Section V-B describes the metrics and implementa-
tion details. Section V-C discusses the performance of TPVD
on depth completion, including the comparison with state-
of-the-art methods (Section V-C1), generalization capability
(Section V-C2), cross-dataset evaluation (Section V-C3), and ab-
lation studies (Section V-C4). Additionally, Section V-D further
validates the performance of TPVD on depth super-resolution,
including the comparison with previous approaches on real-
world and synthetic datasets (Section V-D1) and ablation studies
(Section V-D2).

A. Datasets

1) Depth Completion: TOFDC is collected by the TOF sen-
sor and RGB camera of a Huawei P30 Pro, which covers
various scenes such as texture, flower, body, and toy, under
different lighting conditions and in open space. It has 10 k
512× 384 RGB-D pairs for training and 560 for evaluation.
The ground truth depth maps are captured by the Helios TOF
camera.

KITTI dataset [26] contains 86 k training samples, 1 k selected
validation samples, and 1 k online test samples without ground
truths. The depth data is captured by a 64-line LiDAR sensor.
Following [19], [48], [55], the RGB-D pairs are bottom center
cropped from 1216× 352 to 1216× 256, as there are no valid
LiDAR values near the top 100pixels.

NYUv2 dataset [49] consists of paired RGB-D from 464
indoor scenes, where the depth maps are acquired by Microsoft
Kinect. We train our model with 50 K samples and test it on the
official 654 samples. Following [17], [21], [37], [94], we first
downsample the RGB-D pairs from 640× 480 to 320× 240,
and then center crop them to 304× 228.

SUN RGBD dataset [95] is selected from several indoor RGB-
D datasets [49], [96]. We use 555 samples captured by Kinect
V1 and 3,389 samples captured by Asus Xtion camera for cross-
dataset evaluation, where we employ the same pre-processing
step as that on the NYU2 dataset.

VKITTI [97] is synthesized from KITTI video sequences. It
produces color images under various lighting (such as sunset
and morning) and weather (such as rain and fog) conditions.
Following [55], we use the masks generated from KITTI sparse
depth to create sparse samples, closely mimicking real-world
sparse depth distribution. Sequences 0001, 0002, 0006, and 0018
are used for training, while sequence 0020 is used for testing.
This results in 1,289 frames for fine-tuning and 837 frames for
evaluation under each condition.

2) Depth Super-Resolution: TOFDSR is a counterpart to the
TOFDC dataset with rich lighting and weak textures. The train-
ing set comprises 10 K triples, while the testing split includes
560 triples. Each triple consists of a 512× 384 color image,
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TABLE II
METRIC DEFINITION

a 512× 384 ground truth depth map, and a 192× 144 low-
resolution depth map.

RGB-D-D [50] is the first real-world dataset for depth super-
resolution. It includes 2,215 RGB-D pairs for training and 405
for testing, where the low-resolution depth is obtained via the
TOF camera of a Huawei P30 Pro.

NYUv2 [49] consists of video sequences from various indoor
scenes as recorded by the RGB-D cameras from Microsoft
Kinect. For depth super-resolution, the dataset provides 1,449
densely labeled pairs (640× 480) of aligned RGB and depth
images, with 1,000 pairs designated for training and 449 pairs
for testing. The low-resolution depth is downsampled from the
ground truth using bicubic interpolation [9], [14], [50].

Lu [91] and Middlebury [92], [93] are typically used for
testing, with models trained on the synthetic NYUv2. Lu has 6
RGB-D pairs with a resolution of 640× 480, while Middlebury
comprises 30 samples with multi-scale resolutions.

B. Metrics and Implementation Details

On KITTI benchmark, we employ RMSE, MAE, iRMSE, and
iMAE for evaluation [17], [21], [28], [31]. On TOFDC, NYUv2,
and SUN RGBD datasets, RMSE, REL, and δi are used for
testing [18], [33], [37], [55]. See Table II for details.

We implement TPVD on Pytorch with four 3090 GPUs. For
depth completion, we train it for 50 epochs with Adam [98] opti-
mizer. The initial learning rate is 5× 10−4 for the first 30 epochs
and is reduced to half for every 10 epochs. Following [31], [48],
the stochastic depth strategy [99] is used for better training.
Also, we employ color jitter and random horizontal flip for data
augmentation. For depth super-resolution, the total epoch is 65
and the initial learning rate is set to 1× 10−4.

C. Analysis on Depth Completion

1) Comparison With State-of-the-Arts: Outdoor KITTI: We
first evaluate the proposed TPVD on KITTI depth completion
benchmark that is ranked by RMSE. The top part of Table III lists
the results of 2D-based methods, while the bottom part reports
those of 2D-3D joint approaches. On the whole, TPVD ranks

1st among all the methods in four evaluation metrics at the time
of submission, including RMSE, MAE, iRMSE, and iMAE. For
example, TPVD is 15.98 mm superior to the five latest researches
on average, i.e., CFormer [18], BEV@DC [21], LRRU [31],
PointDC [37], and RigNet++ [30]. Among the 2D-3D joint
counterparts, compared with the lightweight FuseNet [32],
ACMNet [34], and PointFusion [35], the errors of TPVD are
significantly lower, e.g., averagely by 52.59 mm in RMSE and
20.86 mm in MAE. In contrast to those 2D-3D joint methods
with similar or larger parameters, TPVD still performs better.
Fig. 10 shows the visual comparison with CSPN [58], ACM-
Net [34], and RigNet [17]. While they produce visually good
predictions in general, TPVD can recover more accurate shapes
and boundaries. The zoom-in error maps further indicate the
superiority.

In addition, Table IV lists the complexity and speed com-
parison of the 2D-3D joint ACMNet [34], BEV@DC [21],
and TPVD. We observe that, despite ACMNet having fewer
parameters, its graph model is more complex and requires about
twice as many FLOPs as ours. Consequently, ACMNet suffers
from slower training and testing speeds. Differently, the LiDAR
stream of BEV@DC is removed in the testing phase, improving
the testing speed from 3.01 FPS to 7.87 FPS. Different from
them, our TPV design is computation-friendly though the pa-
rameters are slightly higher. The FLOPs are 134 G lower than
the second-best BEV@DC, contributing to faster training and
testing speeds.

Indoor NYUv2: To verify the effectiveness of TPVD on indoor
scenes, following [17], [28], [55], we train TPVD on NYUv2
dataset with 500 sampling depth pixels. As listed in Table V,
the top and bottom parts refer to 2D-based and 2D-3D joint
categories, respectively. We can observe that TPVD still achieves
the best performance in all five metrics. Particularly, compared
to previous state-of-the-art methods [18], [21], [31], [37] that
are only 1 mm superior in RMSE to concurrent works, our
TPVD attains 3 mm improvement again. Meanwhile, the REL is
reduced by 20% over the latest 2D-3D joint BEV@DC [21] and
PointDC [37]. Fig. 11 shows that TPVD succeeds in restoring
detailed structures.

Indoor TOFDC: To further test our TPVD, we implement it
on the new TOFDC dataset that is collected by consumptive
TOF sensors. As reported in Table VI, 2D based and 2D-3D
joint methods are divided into the top part and the bottom
part, severally. We discover that TPVD outperforms the 2D-3D
joint approaches by a large margin. For example, it reduces
the RMSE by 15.6% and REL by 33.3% against the second
best PointDC [37]. Also, compared with the best 2D based
CFormer [18], TPVD is 21 mm superior in RMSE, which is
a considerable improvement for indoor scenes. Fig. 12 reveals
that TPVD can predict high-quality dense depth results with
clearer and sharper structures.

2) Generalization Capability: Depth-Only Input: For depth
completion task, the auxiliary color images may not always
be accessible or dependable. For example, when the camera
malfunctions or when lighting conditions are extremely poor,
such as at night. Consequently, we assess our TPVD under
a depth-only setting, and compare it with previous methods
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TABLE III
QUANTITATIVE RESULTS ON KITTI ONLINE DEPTH COMPLETION LEADERBOARD

TABLE IV
SPEED COMPARISON ON KITTI VALIDATION SET

TABLE V
QUANTITATIVE COMPARISON ON NYUV2 DATASET

in Table VII. Compared to the depth-only IP_Basic [102],
S2D [10], FusionNet [101], and LRRU [31], TPVD achieves the
lowest RMSE and MAE, surpassing the second best by 8.8 mm
and 4.3 mm, respectively. Furthermore, the MAE of TPVD is
significantly superior to that of IR by 65.8 mm though the RMSE

TABLE VI
QUANTITATIVE COMPARISON ON OUR NEW TOFDC DATASET

TABLE VII
DEPTH-ONLY COMPARISON ON KITTI VALIDATION SPLIT

is higher. It’s noteworthy that TPVD solely takes sparse depth
as input, whereas IR uses color images as supervisory signals
during the training process. These analyses indicate that the
proposed TPVD can work well without image guidance.

Number of Valid Points: We compare the proposed TPVD with
five well-known methods with available codes, i.e., S2D [10],
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Fig. 10. Qualitative results on KITTI depth completion benchmark. The methods include (b) CSPN [58], (c) ACMNet [34], (d) RigNet [17], and (e) our TPVD
method. The zoomed-in regions and their corresponding error maps (the darker, the better) show more fine-grained differences.

Fig. 11. Visual comparison on NYUv2 dataset.

Fig. 12. Visual comparison on TOFDC dataset.

NConv [53], FusionNet [101], ACMNet [34], and RigNet [17].
Following [10], [17], we first conduct uniform sampling to
produce sparser depth input with ratios (0.4, 0.6, 0.8, 1), where
the raw sparsity corresponds to the sampling ratio 1. Then we
retrain all the approaches on KITTI and test them on the official
validation split. As shown on the left of Fig. 13, our TPVD
achieves considerable superiority over other methods under all

Fig. 13. Comparison of generalization capability. Left: performance under
different sparsity ratios on KITTI validation split. Right: performance under
diverse lightning and weather conditions on VKITTI. The metric is RMSE.

sparsity ratios. These results demonstrate that the proposed
TPVD still can perform well even with complex data input.

Lighting and Weather Condition: KITTI dataset is collected
on sunny days [17], whose lighting is almost unchanging and the
weather is satisfactory. However, in real-world environments,
both factors can be quite complex and pose significant chal-
lenges for autonomous driving applications. Therefore, we first
fine-tune our TPVD (pretrained on KITTI) on the “clone” of
VKITTI [97] and then test it on the other scenes with various
lighting and weather conditions. In Fig. 13 (right), we compare
TPVD with GuideNet [55], ACMNet [34], and RigNet [17]. Ob-
viously, our method surpasses the three approaches consistently
in morning, sunset, fog, overcast, and rain scenes. It indicates
that TPVD can tackle complex lighting and weather conditions.

3) Cross-Dataset Evaluation: To validate the generalization
on indoor scenes [37], we train TPVD on NYUv2 and test it on
SUN RGBD. Comparing Table VIII-Kinect with Table V, the
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TABLE VIII
CROSS-DATASET EVALUATION ON SUN RGBD BENCHMARK

TABLE IX
ABLATION STUDIES OF OUR TPVD ON KITTI VALIDATION SPLIT

errors of all methods increase and the accuracy decreases due
to different RGB-D sensors. When comparing Table VIII-Xtion
with Table V, since the data is from different Xtion devices, we
discover that the performance drops by large margins. However,
Table VIII reports that TPVD still achieves the lowest errors
and the highest accuracy under Kinect V1 and Xtion splits. For
example, under Xtion split, the RMSE of TPVD is 9 mm superior
to those of the second best NLSPN [28] and PointDC [37]. These
facts evidence the powerful cross-dataset generalization ability
of TPVD.

4) Ablation Studies: TPVD Designs: Table IX lists the ab-
lation results on KITTI validation split. The baseline model,
TPVD-i, solely incorporates the front-view depth. When intro-
ducing the top-view depth in TPVD-ii, the RMSE decreases
from 763.56 mm to 755.15 mm. Building upon TPVD-ii, TPVD-
iii integrates the depth of the front, top, and side views, providing
comprehensive initial 3D geometry and leading to an improve-
ment of 5.87 mm in RMSE. In TPVD-iv, the application of
the proposed DASC further reduces the RMSE by 13.81 mm,
marking a significant enhancement. Those improvements in
TPVD-ii, iii, and iv over the baseline are primarily attributed
to the increased 3D geometric awareness. Lastly, TPVD-v sur-
passes TPVD-iv by 16.67 mm in RMSE and 3.11 mm in MAE,
underscoring the efficacy of GSPN in generating consistent
fine-grained geometry through propagation in TPV spaces. In
brief, each proposed component contributes positively to the
baseline.

Fig. 14. Ablation studies of TPV Fusion (KITTI) and GSPN (NYUv2).

Fig. 15. Visual process of GSPN on NYUv2. 1st row: receptive fields of
kernels in top-view sparse depth. 2nd row: dense results.

TPV Fusion: The left side of Fig. 14 presents the ablation of
the TPV Fusion with varying recurrent steps on KITTI valida-
tion split. Overall, it can be observed that the error decreases
as the recurrent step increases. For instance, the second step
improves upon the first step by approximately 9 mm. However,
these limited recurrent steps do not provide sufficient geometric
aggregation. Moreover, when the number of steps exceeds 4,
the improvement becomes negligible. Consequently, we set the
recurrent step to 4 to strike a balance between efficiency and
effectiveness.

GSPN: The right side of Fig. 14 ablates the GSPN on NYUv2.
We find that, (1) a larger number of neighbors leads to lower
errors, e.g., the RMSE of 9 neighbors is on average 3.3 mm
better than that of 5 neighbors. (2) The performance improves
as the iteration increases. When the number is 9 and iteration is
6, GSPN achieves the best result. For efficiency-effectiveness
trade-off, we set the neighbor and iteration to 9 and 4, re-
spectively. Fig. 15 shows that with each successive iteration,
GSPN progressively produces denser depth with more precise
geometry. Furthermore, the receptive fields of the kernels de-
crease, allowing for a more detailed neighborhood propagation
of geometric priors.

D. Analysis on Depth Super-Resolution

1) Comparison With State-of-the-Arts: Synthetic: Table X
lists the depth super-resolution results on synthetic datasets,
where the low-resolution depth data is generated from ground
truth using bicubic interpolation [2], [9], [14], [50]. As can be
seen, TPVD achieves superior or competitive performance com-
pared to other methods across four benchmarks under ×4, ×8,
and×16 settings. For instance, TPVD surpasses the second-best
SGNet [9] by an average of 8.7% on the NYUv2 dataset, which is
a notable improvement for the RGB-D based indoor scene under-
standing task. Additionally, among larger models with more than
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TABLE X
QUANTITATIVE COMPARISON ON SYNTHETIC DEPTH SUPER-RESOLUTION DATASETS

TABLE XI
QUANTITATIVE COMPARISON ON REAL-WORLD DEPTH SUPER-RESOLUTION DATASETS

30 M parameters, TPVD demonstrates average improvements of
16.1%, 9.8%, 16.1%, and 16.6% on NYUv2, RGB-D-D, Lu, and
Middlebury, respectively. Furthermore, Fig. 16 provides a visual
comparison, illustrating that TPVD can recover more accurate
depth results with sharper structures.

Real-World: Table XI presents the depth super-resolution
results on real-world depth super-resolution datasets, where the
low-resolution and ground truth depth maps are captured by
two different sensors. In the third and fifth rows of Table XI, we
train and test these methods using real-world data. The results
indicate that TPVD significantly outperforms other methods,
surpassing the second-best by 15.7% on RGB-D-D and 2.3%
on TOFDSR. However, as presented in the second and fourth
rows of Table XI, when evaluating models pretrained on NYUv2
on the two real-world datasets, we observe a performance drop
across all approaches due to the domain gap between synthetic
and real-world data. Despite this, our approach still achieves the
best results among them. Fig. 16 further demonstrates the visual
superiority of the TPVD.

2) Ablation Studies: Table XII reports the comprehensive ab-
lation studies of TPVD on the real-world depth super-resolution
TOFDSR dataset. The findings clearly indicate that the TPV Fu-
sion design significantly enhances model performance. Specif-
ically, the inclusion of auxiliary top-view and side-view depth
maps leads to a gradual reduction in RMSE from 4.60 cm to
4.48 cm. Additionally, the incorporation of the DASC module
further benefits the model. Moreover, embedding the GSPT

TABLE XII
ABLATION STUDIES OF OUR TPVD ON TOFDSR DATASET

module results in an additional error reduction of 0.18 cm,
thereby confirming the efficacy of GSPT in geometric refine-
ment. Each component contributes positively to the baseline,
collectively demonstrating their substantial impact on signifi-
cantly improving model accuracy and robustness.

Finally, to ablate the backbone, we replace the encoder com-
posed of residual groups [86] with a Swin-Tiny [107] variant,
where each stage is configured with 48 channels, consistent with
the original residual-based encoder to ensure a fair comparison.
This modification increases the parameter count by 1.2 M,
reduces the FLOPs by half, but results in a performance drop of
1.3 cm. These results suggest that while the Swin-based encoder
is more efficient in terms of computation, it may sacrifice some
accuracy under comparable architectural settings.
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Fig. 16. Quantitative results on four synthetic and two real-world depth super-resolution datasets.

E. Failure Case

As shown in Fig. 17, our method has difficulty accurately
estimating depth near transparent objects such as car windows
and glass doors. It tends to predict the depth of the background
behind the glass, rather than the transparent surface itself.

The main cause of this failure lies in the limitations
of both input data and supervision. For depth completion,
sparse and ground truth depths usually lack valid values in
transparent regions. For depth super-resolution, low-resolution
and ground truth depths often contain incorrect values cor-
responding to the background. Moreover, color images can
be misleading, as they tend to reflect background content

rather than the transparent surface itself. Due to these qual-
ity deficiencies in the training data around transparent ob-
jects, our view-decoupled approach fails to handle them
effectively.

A potential solution could be to integrate transparent object
detection/segmentation technologies [108], [109] to generate
masks, which can then guide and compensate the depth pre-
dictions using the surrounding valid depth values.

VI. CONCLUSION

In this paper, we propose novel tri-perspective view decompo-
sition (TPVD) frameworks for the tasks of depth completion and
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Fig. 17. Failure cases in depth completion and super-resolution around trans-
parent objects, such as car windows and glass doors.

super-resolution. The core concept involves decomposing the
raw 3D point cloud into three 2D views to densify sparse depth
or enhance low-resolution measurements. We design the TPV
fusion to learn 3D geometric priors through recurrent 2D-3D-2D
aggregation, incorporating distance-aware spherical convolution
to refine geometry within a compact spherical space. Addition-
ally, for these two tasks, we introduce the geometric spatial
propagation network and the geometric sparse-pair transform
to further enhance the geometric consistency. Owing to these
designs, TPVD outperforms previous depth completion and
super-resolution methods across nine benchmarks, including our
newly collected TOFDC and TOFDSR.

Limitation and future work: (i) Although our method achieves
state-of-the-art performance across various datasets, it suffers
from relatively high computational complexity. This is mainly
due to the three-branch architecture introduced by the view-
decoupling strategy and the design of the recurrent fusion mod-
ules. (ii) Our method struggles to recover accurate depth values
in scenes containing special materials, such as transparent glass.
Consequently, two key improvements are planned for future
work: (i) Investigating more lightweight backbone architectures
and simplifying the recurrent fusion modules to obtain better
results with fewer iterations. (ii) Incorporating segmentation
masks for special materials to enhance depth estimation accu-
racy in these challenging regions. Moreover, we believe that
event-driven methods [83], [110], [111], [112], [113], [114]
hold great potential to advance multiple facets of multi-modal
monocular depth perception in the future.
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