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Cross-Modal 360◦ Depth Completion and
Reconstruction for Large-Scale Indoor Environment

Ruyu Liu , Guodao Zhang , Jiangming Wang, and Shuwen Zhao

Abstract— In a large-scale epidemic, reducing direct contact
among medical personnel, attendants and patients has become
a necessary means of epidemic prevention and control. Intel-
ligent vehicles and mobile robots in the hospital environment,
such as disinfection vehicles, logistics vehicles, nursing robots,
and guiding robots, play an important role in improving the
operational efficiency of the medical system and promoting
epidemic prevention and governance. Powerful capabilities of
environmental spatial perception and reconstruction are the keys
to accurate localization, navigation, and obstacle avoidance for
intelligent vehicles and autonomous robots in such operations.
Omnidirectional perception is becoming increasingly important
and proliferative in autonomous vehicles and robots since its
wide field of view significantly enhances the perception ability.
However, the lack of dense and accurate 360◦ depth datasets has
brought the challenge to the omnidirectional perception. In this
paper, we propose a depth-sensing and reconstruction system
to address this challenge in the large-scale indoor environment.
First, we design an omnidirectional depth completion convolu-
tional neural network model, in which a spherical normalized
convolutional and the unit sphere area-based loss are introduced
to extract features from cross-modal omnidirectional input with
unequal sparsity and deal with the imbalanced data distribution
and distortion in the panoramic input. In addition, we present
a 3D reconstruction system by integrating our depth completion
into omnidirectional localization and dense mapping. We evaluate
our method on 360D large-scale indoor datasets and real-world
sequences of a challenging hospital scene. Extensive experiments
show that the proposed method outperforms the other state-of-
the-art (SoTA) approaches in terms of depth completion and 3D
reconstruction.

Index Terms— Omnidirectional perception, cross-modal fusion,
depth completion, dense reconstruction.

I. INTRODUCTION

S INCE the outbreak of the COVID-19, “no contact” has
become the primary demand of the public in the epi-

demic. It is particularly urgent to use intelligent vehicles
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and autonomous robots to replace humans for disinfection,
guiding patients, indoor logistics and distribution, accompany
and service, patrol control, and other operations to reduce
contact transmission and cross infection. In these opera-
tions, accurate three-dimensional (3D) spatial perception and
automatic reconstruction are crucial capabilities for intelligent
vehicles and robots. The vehicle/robot senses its surroundings
to fully understand the 3D environmental representation and
spatial structure [1]. This is a fundamentally important ability
for them to perform realistic autonomous tasks. For example,
vehicles/robots can avoid obstacles autonomously during dis-
infection and patrolling, accurately estimate the location of
target patients and objects during the care process, and use
the hospital’s 3D digital model to deploy and schedule disaster
relief when the epidemic disaster comes. Recently, omnidirec-
tional information has been shown to enhance vehicle/robot
environment perception ability and boost the effectiveness of
many tasks since its 360◦ field-of-view (FOV) can bring rich
environment information. Omnidirectional visual content is
now more easy and convenient to obtain. However, in sharp
contrast, almost no hardware device, namely the omnidirec-
tional depth sensor, can directly generate 360◦ dense depth
maps.

Some existing omnidirectional depth maps [2], [3] are
indirectly spliced by several depth maps from the common
depth camera with a narrow FOV. This process involves com-
plex manual calibration and registration. The common depth
camera has a limited perceptual FOV and depth range. When it
is applied to indoor scenes with large spaces, such as hospitals,
a certain area in the generated depth map will be lost. Another
popular depth sensor, LiDAR (Light Detection And Ranging),
can obtain horizontal 360◦ depth information but still has
narrow vertical FOV and suffers from a high level of sparsity
(<10%). Therefore, the limitations of depth sensor hardware
make it difficult and expensive to generate a dense annotated
omnidirectional depth map. Recently, software-based depth
estimation methods, especially deep learning-based methods,
provide an alternative solution to this task. However, most of
them are either designed for a camera with normal FOV [4]–
[7] or focus on predicting depth from a single omnidirectional
image [3], [8], [9]. The former cannot adapt to the distorted
panoramic imaging model and the latter suffers from scale
confusion.

In practical vehicle/robot applications, there exists scattered
annotated depth information, such as sparse point clouds
from LiDAR, partial region depth map from depth camera
with regular FOV, 3D map points generated from SLAM
(Simultaneous Localization And Mapping)/SFM (Structure
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From Motion) systems. Only these sparse depth maps could
be a problem for spatial perception and precise 3D modeling,
but if they are combined with corresponding images, they
can augment depth estimation and better complete related
tasks compared to a single modal. Therefore, in this paper,
we investigate the 360◦ depth completion task using both
sparse depth modal and color panoramic images modal.

Distortion and unequal sparsity are two major challenges
for depth completion. On the one hand, the distortion of the
panoramic imaging process causes uneven pixel distribution
on the image. Standard CNN (Convolutional Neural Networks)
is hard to achieve promising feature extraction. On the other
hand, the saturation problem of sparse data will appear with
the deepening of the neural network [10]. Therefore, con-
ventional CNN is unsuitable for cross-modal omnidirectional
input.

In this work, we propose a novel deep-learning frame-
work for cross-modal omnidirectional depth completion. The
proposed framework uses Spherical Normalized Convolu-
tion (SNConv) and unit sphere area-based loss to deal with the
panoramic RGBD input with unbalanced resolution and severe
distortion. First, SNConv performs unguided scene depth com-
pletion and propagates features of sparse data between layers
using only irregular depth information. Then, the resulting
smooth depth feature map together with the confidence map
is taken as the input of the cross-modal omnidirectional depth
completion network. The network will generate a more precise
final depth map. The unit sphere area-based loss function
aims to minimize the data error in the panorama region with
different sparsity. In addition, we present a 3D reconstruction
system based on panoramic imaging for large-scale indoor
environments. We integrate the dense omnidirectional depth
into the localization and mapping system. The reconstruction
system tracks and fuses continuous visual observation and
generates a dense environment model. Experiments on the
public 360D dataset demonstrate that our network framework
achieves the SoTA depth estimation accuracy. The further
reconstruction experiments on the proposed continuous-frame
omnidirectional dataset prove that our system not only can
generate a more precise 3D model of the wide-area indoor
scene compared with other methods, but also can be com-
bined with the sparse omnidirectional SLAM to create the
real-hospital model with motion trajectory of the vehicle/robot.

1) We propose an end-to-end omnidirectional depth com-
pletion method. The accuracy of our method is better
than the SoTA methods on the public 360D dataset.
To the best of our knowledge, this is the first work
that combines 360◦ RGB images with sparse depth
information to generate an omnidirectional dense depth
map.

2) We design a deep-learning framework for 360◦ cross-
modal data involving a spherical normalized convolution
and unit sphere area-based loss function. Experiments
show that the proposed network and loss can effectively
reduce the error of depth completion.

3) We present a novel omnidirectional reconstruction sys-
tem which integrates our depth completion into omni-
directional SLAM for wide-area indoor environments.

The system is applied in a real-hospital scene to cre-
ate a RGBD reconstructed model with camera motion
trajectory.

4) A new, continuous-frame, large-scale, 360D indoor
dataset is proposed. We evaluate the performance of
different modeling methods using the proposed dataset
and provide results about depth reconstruction.

II. RELATED WORK

In this section, we briefly review several related works
about omnidirectional depth completion and reconstruction
and discuss the relationship between them and our method.

A. Depth Estimation

With the drastic development of the deep learning technique
and the emergence of a large number of depth annotation data,
the deep learning-based depth estimation method shows its
significant advantages compared with the traditional ones [11].
The neural network models in the existing depth estimation
work can be divided into depth regression models [4], [5]
and depth completion models [6], [7], [10], [12]. The former
focuses on predicting the depth map only from the image,
heavily relies on data-driven. Therefore, there is still potential
room for improvement in accuracy and generalization. While
the latter aims to reconstruct depth maps by combining the
image and sparse depth information. Ma and Karraman [6]
just naively set missing values in the sparse depth map to
be zero and feed them into a standard CNN. However, the
saturation problem [10] will generally occur in the process
of standard convolution with the deepening of the network
layer. To alleviate this issue, Hua et al. [7] propose a nor-
malized CNN and perform a guided depth upsampling task.
Eldesokey et al. [12] further apply normalized convolution
to the cross-modal depth completion task based on previous
single-modal depth completion.

Although more and more methods pay attention to depth
completion, most of them use ordinary RGBD data from
sensors with limited FOV. While in this work, we focus on
the omnidirectional dataset whose FOV is much large than
that of a standard image and present the omnidirectional depth
completion method.

B. Omnidirectional Learning and Perception
In many perception tasks, such as classification and detec-

tion [13], [14], saliency prediction [15], semantic segmenta-
tion [16]–[19], and depth estimation [3], [8], [9], [19]–[22],
the omnidirectional camera has been an important sensing tool
to capture the whole surrounding since its wider FOV than the
ordinary camera.

In view of the special imaging characteristic of panoramic
lens, there are two kinds of strategies to represent omnidirec-
tional images, namely the cubemap projection (CMP)-based
strategy [23] and the equirectangular projection (ERP)-based
strategy [14], [15], [24]–[27]. The CMP-based strategy uses
a cube consisting of six pinhole images from up, down,
left, right, forward, and backward. This representation is
distortion-free but suffers from the spatial discontinuity
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Fig. 1. A description of pixel-wise weight calculation of proposed WberHu
loss. Ih and Iw mean the height and the width of the panoramic image. Due
to the characteristic of the sphere surface, each pixel of the panoramic image
contains a different amount of information. Therefore, we define the weight
w(u,v) for each pixel p = (u, v) by calculating the pixel surface integral on
the unit sphere to modify the standard berHu loss.

between sides. In contrast, ERP image has serious distortion
since the sphere-to-plane transformation. More methods design
and modify the convolutional kernels based on EPR images.
These methods can be divided into three categories. The first
method [24], [25] learns convolutions kernels suitable for 360◦
images from regular CNN in perspective images based on
spherical geometric space transformation. SphConv [24] learns
the spherical kernels directly from regular convolution kernels.
The kernels in different rows of the equirectangular image
cannot share the weights, resulting in the overlarge model.
Tateno et al. [25] develop distortion-aware convolution, which
trains on perspective images and regresses dense prediction for
panoramic images. The second method [14], [15] defines and
learns kernels on the sphere. Coors et al. [14] propose the
SphereNet framework to learn distortion invariance kernels
by exploiting projections of the sampling pattern on the
tangent plane. The third approach [26], [27] defines and learns
kernels in the spectral domain, which requires significant
memory. Besides CMP-based and ERP-based representations,
Lee et al. [28] utilize a spherical polyhedron to represent
omnidirectional views and propose the SpherePHD frame-
work. The proposed SpherePHD maintains spatial continuity
and less spatial distortion.

Recently, some methods [9], [21] combine these two rep-
resentations to complete the omnidirectional perception task.
Wang et al. [9], [21] propose the BiFuse neural network
incorporating both equirectangular and cubemap projections
for depth estimation. Then, Jiang et al. [21] argue that feeding
the ERP features to the CMP branch is unnecessary and further
propose the UniFuse framework based on BiFuse.

C. Omnidirectional SLAM and 3D Dense Reconstruction
Image-based dense reconstruction aims to generate 3D

models from 2D images. The system follows three steps:
sparse point cloud mapping, dense point cloud reconstruction,
and point cloud mesh modeling. The first two steps directly
affect the completeness and accuracy of the reconstructed 3D
model. They mainly rely on depth estimation, which is briefly
introduced in Section 2-A.

Currently, visual SLAM technology based on ordinary
monocular, binocular, and RGB-D cameras has been vig-
orously developed. Meanwhile, the omnidirectional camera
is becoming a popular device since its advantages of large
FOV perception. Therefore, the related SLAM technology has
gradually been applied to omnidirectional vision. Some excel-
lent ordinary camera SLAM solutions such as ORBSLAM,
SVO, LSDSLAM, DSO, VINS have been extended to sup-
port omnidirectional camera with large FOV lens. [29]–[33].
However, the omnidirectional camera in [31], [32] refers to
fisheye cameras with large FOV over 180◦, which is different
from the 360◦ omnidirectional images used in the proposed
method. Similar to our work, Wang et al [34] redesign the
pipeline the ORBSLAM to fit large FOV cameras based on
the cubemap model and present the CubeSLAM system. Based
on PALVO [35], Chen et al [36] further propose panoramic
annular simultaneous localization and mapping (PA-SLAM)
with loop closure.

Schönbein et al. [37] have proposed an omnidirectional
slanted-plane Markov random field model to project planes
in the omnidirectional domain. In addition, Won et al. [38]
design a calibration algorithm for the extrinsic parameters
based on the bundle adjustment. Recently, Seok et al. [39] and
Won et al. [40] present a novel omnidirectional VO (Visual
Odometry) pipeline based on multi-view wide-FOV images,
respectively.

Most of the above methods adopt different omnidirectional
vision systems, such as catadioptric cameras [35], [36], multi-
camera systems [34], [38]–[40], and fisheye cameras [31],
[32]. These systems often involve complicated calibration
and synchronization issues. Multi-camera or stereo cameras
dense matching in Omnidirectional VO/SLAM system cause
latency in generating depth map. In contrast, we propose a
general deep learning framework to predict the depth map of
the corresponding image immediately. We further design an
omnidirectional 3D reconstruction system based on our depth
completion framework.

III. THE PROPOSED METHOD

The proposed method consists of a cross-modal omnidi-
rectional depth completion network including the network
structure and loss function, and the omnidirectional dense
reconstruction system based on the depth completion
module.

A. Cross-Modal Omnidirectional Depth Completion Network
For panoramic FOV depth estimation, RGB images and

sparse depth maps as two kinds of different modal data can
provide environmental information from various dimensions
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Fig. 2. An illustration of the Spherical Normalized Convolution (SNConv). Its
inputs consist of a sphere sparse depth map and a corresponding confidence
map. The spherical convolution is shared for these two inputs. The output
of this structure contains a depth term and a confidence term. 1

x means pixel-
wise reciprocal.

and resolutions. Therefore, we aim to consider these two
modalities guiding the depth completion task.

1) Spherical Normalized Convolution: Since the serious
unequal sparsity between cross-modal data, standard convo-
lution on the irregular sparse maps may not work as well as
on normal RGB images. It is relatively simple and rude to
input sparse depth maps with RGB images into CNNs directly.
In addition, sparse data will suffer from the saturation problem
in later layers of CNNs. The saturation problem can be avoided
by Normalized Convolution(NConv) [12]. Normalized convo-
lution is a technique using the sampled signal to represent its
neighborhood signal based on the basis function. It considers
sparsely sampled data together with its confidence and treats
sparse confidence as continuous confidence fields not binary
validity masks to propagate among network layers. Based on
the classical Normalized Convolution [12], we present a novel
Spherical Normalized Convolution (SNConv) to deal with
irregularly sampled omnidirectional images. Fig. 2 depicts the
corresponding structure of SNConv. Its input consists of two
parts: sphere sparse depth map Sl and its confidence map Cl .
Then, the updated sphere depth map Sl+1 can be derived by
fusing both kinds of input data, Sl and Cl . It is formulated
by:

Sl+1
(u,v) =

∑
(i, j )∈ψ �(u − i, v − j)Cl(u, v)Sl (u, v)∑
(i, j )∈ψ �(u − i, v − j)Cl(u, v)+ τ

+ b. (1)

where � represents spherical convolution [14]. (u, v) denotes
the global coordinates of feature map (sphere sparse depth map
or its confidence map), (i, j) ∈ ψ represents the neighbor-
hood coordinates of (u, v). We first compute element-wised
multiplication between Sl and Cl . Then, we let the result
go through a spherical convolution to obtain the intermediate
depth map. Meanwhile, we let Cl go through the same
spherical convolution in order to compute weight. Finally,
we calculate element-wised multiplication between weight and
the intermediate sphere sparse depth map and then plus bias b
to get the final depth map. While the computation of updated
confidence map Cl+1 is similar to Sl+1 but it does not need
Sl . It is formulated by:

Cl+1
(u,v) =

∑
(i, j )∈ψ �(u − i, v − j)Cl(u, v) + τ∑
(i, j )∈ψ �(u − i, v − j)Cl(u, v)

. (2)

The core advantages of this structure can be listed as
follows: i) The input sparse data not only contains the depth
map but also contains the associated confidence map. The
confidence map reflects the depth density distribution charac-
teristics and the reliability of each sample depth value, which is
reciprocal with the depth map. ii) The obtained depth feature is
dense with balanced data distribution. Besides, it has uniform
resolution with the image before fusion with the color image.
iii) Compared with standard convolution, sphere convolution
is more suitable to spherical image data and can effectively
learn features from omnidirectional images.

2) Network Architecture: In order to make use of two
different modal data of omnidirectional images, we design
a novel neural network model, where we can extract and
fuse features from both sparse depth maps and RGB images.
As shown in Fig. 3, the proposed model is composed of
two main parts, Sphere Sparse Feature Extraction Network
denoted by GSFE and Cross-modality Omnidirectional Depth
Completion Network denoted by GCmODC.

Inspired by NConv [12], the first part, Sphere Sparse Feature
Extraction Network (SFE), is responsible for producing sphere
dense depth map and associated confidence map for the second
part. SFE considers only sparse depth data without color
information. It has an encoder-decoder structure consisting of
the proposed SNConv, Spherical Pooling Module, Upsample
Module, and Downsample Module. This structure can effec-
tively process the sphere sparse depth map to generate a sphere
dense depth map at a very low computation cost. Given a
sphere sparse depth map Si and a corresponding confidence
map Ci , the output of this part can be denoted as:

SSFE
i ,CSFE

i = GSFE(Si ,Ci ). (3)

where SSFE
i is the output of sphere dense depth map and CSFE

i
is the output of confidence map.

The second part is used to generate the final sphere dense
depth maps. In this part, we adopt the RectNet structure [3] as
the backbone, which has shown positive performance in the
monocular omnidirectional depth estimation task. The spheri-
cal imaging model causes the panoramic image to be closer to
the pole, the more serious the distortion. The RectNet archi-
tecture uses the rectangular filter to improve the performance
of convolution when applied to the 360 domain. Meanwhile,
the RGB omnidirectional images as auxiliary information
are added. Therefore, Cross-modality Omnidirectional Feature
Fusion (CmOFF) is proposed. We concatenate the depth output
SSFE

i and CSFE
i from the first part with the corresponding RGB

omnidirectional image Ii at the channel dimension and let
them go through the GCmODC to get the final sphere dense
depth map SCmODC

i , which is formulated as:
SCmODC

i = GCmODC(ConCat[Ii , SSFE
i ,CSFE

i , Dim = 1]).
(4)

where ConCat[·, ·, ·, Dim = 1] means concatenation at the
channel dimension.

Since we fuse the two modal data in the second part,
it can be regarded as an early fusion scheme with the
encoder-decoder structure (EncDec-Net[EF]), which has sat-
isfactory results contrasted to the later fusion with the

Authorized licensed use limited to: Tianjin University of Technology. Downloaded on December 15,2022 at 10:29:33 UTC from IEEE Xplore.  Restrictions apply. 



25184 IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS, VOL. 23, NO. 12, DECEMBER 2022

Fig. 3. The pipeline of our proposed network model. It contains two parts: Sphere Sparse Feature Extraction Network GSFE and Cross-modality
Omnidirectional Depth Completion Network GCmODC. The first part takes the sphere sparse depth map and its confidence map as inputs and then output
updated above two terms. For the second part, Cross-modality Omnidirectional Feature Fusion (CmOFF) is proposed. It takes the concatenation of the first
part depth map output and corresponding omnidirectional image as input to output the final depth map.

encoder-decoder structure according to experimental results
in [12].

B. Unit Sphere Area-Based Losses
The depth completion problem is treated as a pixel-wise

regression task. L1 and L2 are the commonly used loss
functions. However, the former pays more attention to the
global level and is less influenced by outliers with greater
residuals, while the latter focuses on local regions with greater
residuals and is more sensitive to outliers. Therefore, berHu
loss [41], a more robust and stable loss function is adopted in
our framework, which combines the performance advantages
of L1 and L2. However, berHu loss can play an active role
in the pixel-wise regression task for ordinary images but not
for panoramic images due to the imbalance of pixels’ spatial
distribution.

Unbalanced projection in spherical imaging would influ-
ence the network from two aspects. On the one hand, when
generating a panoramic image from a spherical surface to
a 2D panoramic plane, the part near the pole needs more
interpolation, therefore the pole area introduces more errors
than the area near the equator. On the other hand, the middle
part of the image containing more dense pixel information
may produce over-fitting of the network while both ends of
the image with sparse pixel content may produce under-fitting
of the network.

In order to relieve the imbalance of panoramic image distri-
bution, we design a weighted berHu loss named WberHu based
on the integral of the unit sphere area. For each pixel of the
panoramic image, it can be uniquely defined by corresponding
latitude φ ∈ [0, π] and longitude θ ∈ [0, 2π]. As shown in
Fig. 1, let the pixel in the center of the image denoted as
θ = π and φ = π

2 . Therefore, any pixel p = (u, v) of the
image can be expressed as p = (θ = 2π(1 − u

Iw
), φ = πv

Ih
)

using longitude and latitude coordinate system where Iw and
Ih means the width and the height of the image, respectively.
After that, we can define weight w(u,v) for each pixel by
calculating the pixel surface integral on the unit sphere:

w(u,v) = w(θ,φ) = t
∫ θ+1

θ
dθ

∫ φ+1

φ
R2 cosφdφ

= t
R2

π
(sin φ + 1◦)− sin φ). (5)

where t = 100 is a hyper parameter and R is the radius of
unit sphere which equals to 1.0.

So we use this pixel-wise weight to form our WberHu loss
function which can be formulated by:

LWberHu = 1

N

N∑
i=1

E(u,v)[w(u,v)I|ei
(u,v)|≤δ(|e

i
(u,v)|)

+w(u,v)I|ei
(u,v)|>δ(

(ei
(u,v))

2 + δ2

2δ
)]. (6)

where N means the number of images, E(u,v)[·] means
pixel-wise average function, Icondit ion means the indica-
tor function, Icondit ion = 1 if condition is satisfied, else
Icondit ion = 0. ei

(u,v) = |St
i,(u,v) − SCmODC

i,(u,v) | means pixel-wise
error, St

i,(u,v) means a pixel of ground-truth depth map and
δ = 0.5 × maximax(u,v)|ei

(u,v)| means calculating threshold.

C. Omnidirectional Localization and Dense Mapping System
This section proposes an omnidirectional localization and

dense mapping system for 3D environment reconstruction
by integrating our depth completion algorithm. Following
the classical vision-based dense mapping algorithm, our sys-
tem consists of two steps: sparse point cloud mapping and
dense point cloud mapping, as shown in Fig. 4. The for-
mer is the process of constructing scene framework in 3D
reconstruction, the latter is the process of enhancing scene
density. Since the completeness and accuracy of the 3D
reconstruction are mainly determined by these two steps, our
work focuses on these two steps and does not involve the
subsequent point cloud mesh modeling steps and 3D vector
meshing.

In the first step, we propose an omnidirectional SLAM
system to generate a sparse point cloud map and image
poses. The system is based on a panoramic imaging model
to improve the initialization, pose tracking, mapping and
back-end optimization in ORBSLAM [42]. Inspired by [43],
we use the proposed depth completion algorithm to obtain the
dense depth map to complete the fast initialization of SLAM.
After the initial map is created, the system can continuously
track camera poses, at the same time, generate keyframes
and store them in the buffer pool to provide keyframes for
subsequent depth completion.
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Fig. 4. Flowchart of the proposed omnidirectional SLAM. First, we imple-
ment a sparse omnidirectional visual SLAM to generate the robot’s pose and
sparse depth map. Next, we use the sparse depth map and its corresponding
omnidirectional image as input for the depth completion. The 3D model is
finally reconstructed by fusion of these dense depth maps of keyframes.

In the second step of dense point cloud mapping, firstly, the
system obtains keyframes from the buffer pool together with
associated sparse depth maps for depth completion. The sparse
depth map is created by back-projecting the 3D landmarks
produced by SLAM onto the RGB image space. Then, the
depth fusion module combines the current depth map with its
color image, obtains the dense point cloud of each keyframe
using back-projection, and transforms each dense point cloud
to the global coordinate system. Finally, these dense point
clouds are merged with the global model to generate an
optimized 3D model.

IV. EXPERIMENTS

This work focuses on 360◦ scene depth completion and 3D
reconstruction of a large-scale indoor scene. We adopt four
public benchmark datasets for depth completion evaluation
and two continuous-time datasets for 3D reconstruction per-
formance evaluation.

A. Omnidirectional Datasets
1) The Benchmark 360D Datasets: The benchmark 360D

dataset [3] is one large spherical dataset from a large-scale
indoor scene, which is used for most deep-learning-based
omnidirectional tasks. The hybrid dataset consists of two
computer-generated (CG) datasets, namely SunCG [44] and
SceneNet [45], and two real-world datasets Matterport3D [46]
and Standford2D-3D [47]. It contains panoramic color images
(512 × 256 resolution) and associated dense depth maps with
the same resolution as the ground truth. We conduct training,
validation, and testing experiments following the split strategy
adopted in [3].

2) The Continuous-Frame Omnidirectional Dataset: Since
the existing popular 360D datasets are collected at discrete
fixed points with a large interval, it is difficult to be used
for continuous-frame environment reconstruction. In addition,
in order to measure the performance of depth prediction
and reconstruction on unseen datasets, we propose two new
continuous-frame omnidirectional datasets, which are appro-
priate for evaluating omnidirectional 3D reconstruction.

a) Ai2thor Dataset: In this work, we propose a
continuous-time 360D dataset collected by ai2thor
simulator [49]. Ai2thor provides near photo-realistic 3D

indoor scenes and is used for robot-related tasks such as
navigation and scene interaction. In the simulator, we operate
the robot to move with a fixed step of 0.25m and a FOV of
120◦. At each position, the robot collects eight public images
at 30 degrees upward or backward in the direction of 0◦,
90◦, 180◦, −90◦. PanoBasic [2] offers a useful toolbox to
combine 6 perspective images with 90◦ FOV into a panoramic
image. We further develop this toolbox to make it suitable
for our eight perspective images with 120◦ FOV captured
in ai2thor due to the limitation of the FOV of the simulator
itself. The dataset consists of continuous-frame panoramic
image sequences, corresponding panoramic depth maps and
robot pose at each location.

b) Real-hospital scene: To perform 3D reconstruction in
an unseen real-world scene, we collect the omnidirectional
dataset in the real-hospital environment, which is a sizeable
third-class hospital located in Shaoxing City. We take a hand-
held panoramic camera named insta 360, which is composed
of the front and rear fisheye cameras, and walk around the
inpatient department of the hospital. The generated dataset
includes about 3-minute panoramic video but without the accu-
rate camera poses and dense panoramic depth maps as ground
truth due to the limitation of hardware. We obtain the camera
poses and the sparse depth results from our omnidirectional
SLAM system. We use the sparse depth together with the
panoramic image as inputs to the depth completion model.

B. Experimental Settings
We implement the omnidirectional depth completion net-

work and 3D reconstruction system using Torch library and
C++ environment, respectively. For the depth completion, the
network environment is a single NVIDIA RTX Titan GPU
with 24GB memory. Considering the randomness of model
initialization, we conduct five experiments to obtain the
average performance for a more fair comparison and record
average results in the experiment. We adopt Adam optimize
with default parameters β1 = 0.9, β2 = 0.999, and the initial
learning rate is set to 0.0002. The batch size is set to 8.
All models are trained for 20 epochs on the 360D dataset
for a fair comparison. The loss weights of RectNet adopt the
same setting in [3]. For the 3D reconstruction system, we use
the ORBSLAM-based framework [42], in which the resulted
depth predictions obtained from our depth completion network
are used as input. Point Cloud Library (PCL) [50] is used to
present the environment model.

1) Computation Complexity: We analyze the computation
complexity of the proposed algorithm, including parameters
(paras), Floating Point Operations (F L O Ps) and Multi-
ply Accumulate Operations (M ACs) for the network model,
memory requirements, and running time. According to the
calculation, paras, F L O Ps, M ACs are 1.77 × 106, 3.11 ×
1011, 6.22 × 1011 respectively. The memory requirement for
depth-completion network training is 18111M, and testing
is 1417M. Regarding the time performance of the system,
it includes the time performance of the depth completion
module, omnidirectional SLAM and 3D dense reconstruction.
For the depth completion, the training cost is around two
days and the testing cost is around 80ms for each image.
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TABLE I

QUANTITATIVE EXPERIMENTAL RESULTS FOR OMNIDIRECTIONAL DEPTH PREDICTION ON 360D DATASETS

The time performance of 3D dense reconstruction will be
analyzed in Section E.

2) Evaluation Metric: Following the previous depth pre-
diction tasks [3], [8], [48], we evaluate the performance
of our depth completion using the following metrics,
i.e.,absolute/square relative error (Abs/Sq REL), Root Mean
Squard Error (RMSE), RMSE in logarithmic space (log
RMSE), and accuracy with a threshold δt , where t ∈
1.25, 1.252, 1.253.

C. Comparison With the State-of-the-Art Methods

1) Quantitative Comparison: To evaluate the performance
of the proposed omnidirectional depth completion method,
we compare it with the SoTA methods. Since there is currently
no depth completion method for panoramic RGBD data,
comparative methods are divided into three categories to show
the superiority of the proposed method.

The first category is the depth estimation method using
only panoramic images, such as OmniDepth [3], DAMO [8],
and BiFuse [9]. They provide some helpful strategies to learn
depth features from panoramic images, however, they cannot
avoid inherent ambiguity and unreliability of depth estimation
from a single-modal image. From the experimental results
from Table I, the evaluation metrics from OmniDepth [3] and
DAMO [8] are worse than that of our method. Compared with
DAMO [8], the Abs REL and RMSE of ours are reduced
by about 66% and 26%. The experimental results indicate
that cross-modal depth completion by adding the sparse depth
value as input can significantly improve the accuracy of the
360◦ depth perception.

The second category is cross-modal depth completion meth-
ods but for ordinary sensors with narrow FOV, such as
SparsetoDense [6]. We leverage its open-source codes to train
on the same 360D dataset. The test results shown in Table I
are inferior to that of our method. Therefore, we analyze that
the deep-learning framework with standard convolution may
not be able to extract features from panoramic data effectively.

We classify the depth completion methods based on 3D
perception into the third category, such as SphericalViewSyn-
thesis [22] and ODE-CNN [48]. SphericalViewSynthesis [22]
uses stereo panoramic vision to obtain the omnidirectional
depth map. However, depth recovery based on binocular or

trinocular may generate a large amount of repeated environ-
mental information which will influence the computational
efficiency. Similar to our method, ODE-CNN [48] also com-
bines RGBD modal data as input to produce a dense omnidi-
rectional depth map. However, ODE-CNN is still limited from
the depth modal with narrow FOV and is too concentrated
in the corresponding image space. Therefore, the experimen-
tal results are all lower than that of our method and our
cross-modal depth completion method has better performance.

2) Qualitative Comparison: To compare with the SoTA
methods intuitively, we present some visualization results from
real-world scenes and CG scenes respectively by adopting
several open-source depth prediction methods. It’s observed
from Fig. 5 that the depth maps estimated by single image-
based methods, namely OmniDepth [3] and BiFuse [9], are
blurred in detail. Additionally, the depth maps produced by
BiFuse [9] are incomplete since they lose the depth informa-
tion of the upper and lower regions. SparsetoDense [6] has
relatively poor results because it is not suitable for panoramic
data. Our method generates more explicit details and edge
information in the depth maps, which further demonstrates
our method has a more advanced performance.

D. Depth Completion Analysis

1) On Varying Sampling Rate of Depth Values: The depth
completion aims to recover the dense depth map from the
sparse depth. Therefore, it is necessary to evaluate the impact
of the varying sampling rate, namely varying degrees of
sparsity, on the depth prediction results. According to [12],
the EncDec-Net[EF] adopted by our framework performs very
well with different degrees of sparsity even with a very sparse
input. Further, we demonstrate this conclusion on omnidirec-
tional data and spherical network structure. Under the premise
of ensuring the network architecture, loss function and other
parameter variables are the same, we randomly sample on
the panoramic depth from 360D datasets with the sampling
rates of 0.5%, 1% and 10%, and compare the resulted depth
completion quantitatively. Table II shows that the significant
performance increase of depth completion with the density
increasing. Especially, even if the sampling rate is only 0.5%,
our depth estimate still exceeds most of the SoTA methods
described in Table I. This number of (approximately 650) valid
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Fig. 5. Qualitative comparison of depth prediction with the SoTA methods on 360D dataset. The first three rows display the experimental results in real-world
environments. The last three rows show the experimental results in the virtual-world environments. The depth maps from our methods have more explicit
details and boundary information compared with methods using only images [3], [9] and other cross-modal method [6].

TABLE II

IMPACT OF DIFFERENT DEPTH SAMPLING RATE

TABLE III

ABLATION EXPERIMENTS TO ANALYZE THE EFFECTIVENESS

OF THE DESIGNED NETWORK

depth points can be easily obtained from most feature-based
SLAM/SFM algorithms.

2) Effectiveness of Network Architecture: We implement
the ablation experiments to analyze the effectiveness of the
designed Sphere Sparse Feature Extraction Module (SFE) and
Cross-modality Omnidirectional Feature Fusion (CmOFF) in
our network architecture. We compare the proposed architec-
ture with two other architectures. One is to directly input
the single-modal panoramic image and estimate the depth
map through RectNet [3]. The other is, without any feature
extraction to sparse depth data, to directly concatenate it with
the panoramic image and input them to RectNet for depth com-
pletion. As shown in Table III, we can find that the CmOFF in
the architecture can significantly improve the accuracy of the

TABLE IV

EVALUATION OF DIFFERENT LOSS FUNCTIONS AND ABLATION EXPERI-
MENTS ON PROPOSED LOSS WEIGHT

depth estimation, Abs REL and RMSE are reduced by nearly
68.6% and 46.4%, respectively. The comparison between the
second and the third row demonstrates that SFE can further
improve the accuracy of depth completion. Abs REL and
RMSE are reduced by nearly 37.7% and 16.8%, respectively.

3) The Impact of the Proposed Loss: To compare differ-
ent loss functions and demonstrate the effectiveness of the
proposed loss weight, we conduct ablation experiments on
L1, L2, and berHu, respectively using the same network
architecture. As illustrated in Table IV, both berHu and L1
significantly outperform L2. Besides, berHu performs slightly
better than L1. Therefore, we choose berHu as a basic loss
function. By adding the proposed weight based on unit sphere
area to L1, L2 and berHu, the performance of original loss is
significantly improved. The biggest improvement occurred in
our WberHu function, Abs REL and RMSE are reduced by
nearly 13.2% (from 0.0158 to 0.0137) and 6.8% (from 0.1391
to 0.1296), respectively, which proves that the proposed loss
function with weight is more suitable for spherical imaging.
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Fig. 6. Visualization inspection of 3D models using different methods. The first column (OrdiModel): the reconstruction using the ground-truth ordinary
depth map. The second column (OmniModel): the reconstruction using depth estimation from OmniDepth [3]. The third column (Ours): the reconstruction
using depth maps from our depth completion method. The last column (GT): the reconstruction using the ground-truth omnidirectional depth map.

E. Omnidirectional 3D Reconstruction Results

This section demonstrates the performance of the omnidi-
rectional 3D reconstruction system on a near photo-realistic
indoor environment (Ai2thor dataset) and real-world environ-
ment (hospital-scene dataset). These two datasets are both
typical large-scale indoor scenes and unseen for the proposed
system before, so the generalization performance of the pro-
posed model is evaluated to a certain extent. Additionally,
the latter is further used to demonstrate a more challenging
3D reconstruction application by combing the proposed depth
completion with sparse visual SLAM.

1) Ai2thor Dataset: As illustrated in Fig. 6, we show the
advantages of our reconstructed model in terms of complete-
ness and accuracy compared with OrdiModel, OmniModel,
and GT methods. In order to compare the depth reconstruction
results from different methods more objectively and fairly,
we try to ignore the uncertainty of robots’ poses by adopting
ground-truth robot poses instead of image pose outputs in our
omnidirectional SLAM. In terms of model completeness, the
single frame reconstruction from OrdiModel focuses on a spe-
cific direction of the indoor environment because of the limited
FOV of ordinary cameras. By contrast, a single panoramic
image can sense all-around environment information to build
a 360◦ environmental model immediately. In terms of model
accuracy, due to the lack of multi-view constraints, the single
frame reconstruction results from OrdiModel suffers from the
inconsistent scale, for example, the distorted chair marked by
the red circle in the left-top figure. Moreover, it’s observed
that Ours has a better generation performance compared with
OmniModel in the ai2thor dataset because there is a big gap
between the reconstructed model of OmniModel and that of
GT, while the reconstructed model of Ours is more close to
that of GT. In terms of the time performance, it takes 134s
to recover the whole ai2thor indoor model consisting of 100
RGBD image pairs with 1024 × 512 resolution, among which

reading the cross-modal data costs 126s and the remaining 3D
dense reconstruction takes 8s.

2) Real-Hospital Scene: In addition, we demonstrate the
practical applicability and the generation performance of our
3D reconstruction system in a real large-scale hospital envi-
ronment. Sparse visual SLAM has been demonstrated positive
robustness and efficiency in robot localization and naviga-
tion. But the produced sparse environmental map limits its
application in other important tasks such as motion planning,
semantic recognition, and scene reconstruction. Therefore,
we implement a dense reconstruction system by inserting
our depth completion in the sparse visual SLAM. The entire
reconstruction process is shown in Fig.4. We use our monoc-
ular omnidirectional SLAM for pose estimation and sparse
map points generation. The omnidirectional keyframes and
associated sparse depth maps are taken as input for depth
completion. Due to the relatively high sparsity of the feature
points in SLAM, we use the depth completion model with
a 0.5% sampling rate. As displayed in Fig. 7, the recovered
sparse environment map with camera trajectory and the cor-
responding dense RGBD model is very close to the ground
truth structure of the inpatient department. In terms of time
performance, the cost of time consists of sparse point cloud
mapping and dense point cloud mapping, as shown in Fig. 4.
Using omnidirectional SLAM, it takes 937s to reconstruct the
sparse point cloud map using 2168 hospital panoramic images
(1024 × 512 resolutions). The dense mapping part takes 834s
to build the 3D hospital model using 300 RGBD keyframe
pairs.

The omnidirectional depth perception and reconstruction
system can be applied in hospital scenes, as well as can
be extended to other large-scale indoor scenes such as fac-
tories, logistics centers, and shopping malls. These industries
currently suffering from epidemic’s impact also need intel-
ligent vehicles and robots with strong spatial awareness to
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Fig. 7. Application in hospital scenes. Up: the floor structure of the whole
hospital scene and the floor structure of part of hospital inpatient department.
Down-left: sparse point cloud map and the color of the camera trajectory
encodes with green. Down-right: dense point cloud map from proposed
omnidirectional reconstruction system.

overcome the difficulties and alleviate the challenge from the
epidemic.

V. CONCLUSION

In this study, we present a new omnidirectional depth com-
pletion method and an omnidirectional reconstruction system
for large-scale indoor environments. The proposed spherical
normalized convolution and unit sphere area-based loss func-
tion can effectively improve depth estimation performance.
Experiments show that our depth completion method can sig-
nificantly outperform the SoTA methods. The omnidirectional
reconstruction system has been applied in the proposed near
photo-realistic scenes dataset and a real-hospital environment.
In further, we hope to extent omnidirectional depth completion
work to real outdoor environments combining with sparse
depth data from LiDAR and further construct semantic-level
map model by considering the semantic SLAM.
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