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Abstract

Depth estimation from a monocular 360◦ image is an
emerging problem that gains popularity due to the avail-
ability of consumer-level 360◦ cameras and the complete
surrounding sensing capability. While the standard of 360◦

imaging is under rapid development, we propose to pre-
dict the depth map of a monocular 360◦ image by mim-
icking both peripheral and foveal vision of the human eye.
To this end, we adopt a two-branch neural network lever-
aging two common projections: equirectangular and cube-
map projections. In particular, equirectangular projection
incorporates a complete field-of-view but introduces distor-
tion, whereas cubemap projection avoids distortion but in-
troduces discontinuity at the boundary of the cube. Thus
we propose a bi-projection fusion scheme along with learn-
able masks to balance the feature map from the two projec-
tions. Moreover, for the cubemap projection, we propose a
spherical padding procedure which mitigates discontinuity
at the boundary of each face. We apply our method to four
panorama datasets and show favorable results against the
existing state-of-the-art methods.

1. Introduction
Inferring 3D structure from 2D images has been widely

studied due to numerous practical applications. For in-
stance, it is crucial for autonomous systems like self-driving
cars and indoor robots to sense the 3D environment since
they need to navigate safely in 3D. Among several tech-
niques for 3D reconstruction, significant improvement has
been achieved in monocular depth estimation due to the ad-
vance of deep learning and availability of large-scale 3D
training data. For example, FCRN [16] achieves monocular
depth estimation by their proposed up-projection module.
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Figure 1. Our BiFuse network estimates the 360◦ depth from a
monocular image using both equirectangular and cubemap pro-
jections. A bi-projection fusion component is proposed to lever-
age both projections inspired by both peripheral and foveal vision
of the human eye. Given the estimated 360◦ depth, a complete
3D point cloud surrounding the camera can be generated to serve
downstream applications.

However, most of the existing methods are designed for a
camera with normal field-of-view (FoV). As 360◦ camera
becomes more and more popular in recent years, the ability
to infer the 3D structure of a camera’s complete surround-
ing has motivated the study of monocular 360◦ depth esti-
mation.

In this paper, we propose an end-to-end trainable neu-
ral network leveraging two common projections – equirect-
angular and cubemap projection – as inputs to predict the
depth map of a monocular 360◦ image. Our main motiva-
tion is to combine the capability from both peripheral and
foveal vision like the human eye (see Fig. 1 for the illustra-
tion). Note that, equirectangular projection provides a wide
field-of-view mimicking a peripheral vision, whereas cube-
map projection provides a smaller but non-distorted field-
of-view mimicking the foveal vision. On the one hand,
equirectangular projection allows all surrounding informa-
tion to be observed from a single 2D image but introduces
distortion. On the other hand, cubemap projection avoids
distortion but introduces discontinuity at the boundary of
the cube. Considering both projections would have the com-



plementary property to each other, where we refer to our
method as BiFuse.

However, the FoV of the foveal vision could be too
small, which degrades the effectiveness of our fusion
scheme (Fig. 2). To tackle this issue, cube padding (CP)
methods [26, 4] have been proposed to expand field-of-
view from neighboring faces on the cube. Nevertheless,
using cube padding may result in geometric inconsistency
at the boundary that introduces non-negligible distortion ef-
fect. Therefore, we propose spherical padding (SP) which
pads the boundary by considering the spherical geometry
and reduces the boundary inconsistency. Finally, instead
of naively combining features of both branches (e.g., [31]),
we propose a bi-projection fusion procedure with learnable
masks to balance the information shared between two pro-
jections. The source code and pretrained model will be re-
leased once this paper is published1.

We apply our method to four panorama datasets: Mat-
terport3D [3], PanoSUNCG [26], 360D [38] and Stan-
ford2D3D [1]. Our experimental results show that the pro-
posed method performs favorably against the current state-
of-the-art (SOTA) methods. In addition, we present exten-
sive ablation study for each of the proposed modules, in-
cluding the spherical padding and fusion schemes. Our con-
tributions are summarized as follows:

1. We propose an end-to-end two-branch network, which
incorporates both equirectangular and cubemap pro-
jections, to mimic the combination of peripheral and
foveal vision of the human eye, respectively.

2. To share the information of different projections, we
propose a bi-projection fusion procedure with learn-
able masks to balance the information from two pro-
jections.

3. We propose spherical padding to extend the field-of-
view of cubemap projection and reduce the boundary
inconsistency of each face.

2. Related Work
We describe the related work regarding monocular depth

estimation and 360◦ perception in the following.

Monocular Depth Estimation. Saxena et al. [20] is one
of the pioneer work on learning to estimate monocular
depth. After several years of development using classical
machine learning approaches, deep learning contributes to
the latest significant improvement in performance. Eigen et
al. [8] first use a deep neural network to estimate the depth
map from a single image. Later on, Laina et al. [16] utilize
ResNet [12] as the encoder and propose an up-projection
module for the upsampling procedure along with the reverse

1https://fuenwang.ml/project/bifuse

Figure 2. Field-of-view (FoV) comparison. Equirectangular pro-
jection has the largest FoV compared to each face on the cubemap
projection with (solid-line) or without (dash-line) the proposed
spherical padding.

Huber loss to improve depth estimation. In addition, Lee et
al. [17] try to predict depth using several cropped images
and combine them in the Fourier domain. To further refine
depth predictions, [2, 28, 18, 29, 30] integrate conditional
random fields (CRF) into deep neural network to achieve
better performance. For instance, Cao et al. [2] formulate
depth estimation as a classification problem and use CRF to
refine the final prediction.

Moreover, other attempts have been made to advance
depth estimation. Fu et al. [10] use dilated convolution to
increase the receptive field and apply the ordinal regression
loss to preserve the spatial relation between each neigh-
boring class. With photometric loss, unsupervised train-
ing for depth estimation [11, 37, 33, 34, 32, 25, 15] can
be achieved. Godard et al. [11] use stereo pairs to predict
disparity based on the left-right consistency, while Zhou et
al. [37] propose two networks to estimate both depth and
ego-motion from video sequences. In addition, Yang et
al. [32] use depth-normal consistency to improve depth pre-
diction. However, for the above-mentioned methods, they
are designed for a camera with normal FoV without consid-
ering the property of 360◦ images.

360◦ Perception. Recently, omnidirectional cameras has
become a popular media, which encourages people to work
on panorama related tasks [27, 39]. For instance, due to
the large field-of-view, room layout can be inferred from
panorama [39, 35, 31]. However, the performance usually
suffers from the distortion of equirectangular projection.
To overcome this issue, several approaches are proposed.
Cheng et al. [4] convert panorama into cubemap. For each
face, they replace the original zero padding with their pro-
posed cube padding method to remove the boundary incon-



sistency. Built upon [4], Wanget al. [26] use cubemap and
cube padding for unsupervised panorama depth estimation.

To make the network aware of the distortion, spherical
convolution methods are proposed recently [6, 9, 22, 23].
Considering this property, Ziouliset al. [38] propose Om-
niDepth and adopt spherical layers in [23] as the pre-
processing module. However, it still remains a challenge
when applying spherical CNNs using deeper networks on
the depth task. Ederetet al. [7] tackle the 360� depth
estimation as multi-task learning of depth, surface normal,
and plane boundary. However, the surface normal from
depth map is usually noisy especially in real-world sce-
narios which limits the scalability outside synthetic scenes.
Different from existing works above, we improve the learn-
ing mechanism via utilizing a two-branch network from the
perspective of the human eye system and propose a spher-
ical padding scheme to maintain the geometric consistency
in the cubemap representation. Our experiments shows that
our method achieves state-of-the-art performance in both
real-world and synthetic scenes.

3. Our Approach

In this paper, we aim to take advantage of two different
representations for 360� images, equirectangular and cube-
map projections, for improving the monocular 360� depth
estimation. In the following, we sequentially detail the
cubemap projection with our proposed spherical padding
procedure in Sec. 3.1 and 3.2, bi-projection fusion scheme
in Sec. 3.3, and the overall network architecture in Sec. 3.3.

3.1. Preliminary

For a cubemap representation with sides of equal length
w, we denote its six faces asf i ; i 2 f B; D; F; L; R; U g,
corresponding to the ones on the back, down, front, left,
right and up, respectively. Each face can be treated as the
image plane of an independent camera with focal lengthw

2 ,
in which all these cameras share the same center of projec-
tion (i.e., the center of the cube) but with different poses.
When we set the origin of the world coordinate system to
the center of the cube, the extrinsic matrix of each camera
coordinate system can be simply de�ned by a rotation ma-
trix Rf i and zero translation. Given a pixelpi on the image
planef i with its coordinate(x; y; z) on the corresponding
camera system, where0 � x; y � w � 1 andz = w

2 , we
can transform it into the equirectangular representation by
a simple mapping:

qi = Rf i � pi ;

� f i = arctan(
qx

i

qz
i

) ;

� f i = arcsin
qy

i

jqi j
:

(1)

Figure 3. Spherical padding v.s. cube padding. Cube padding di-
rectly pads the feature of the connected faces. In addition to ob-
vious inconsistency at the boundary, the values of four corners are
unde�ned. In [4], the values are only chosen by the closest side.
In our proposed spherical padding, the padding area is calculated
with spherical projection. As a result, both the missing corner and
inconsistency at the boundary can be addressed.

where� f i and� f i are longitude and latitude in equirectan-
gular projection; andqx

i , qy
i , qz

i are thex, y, z components
of qi respectively. As this mapping is reversible, we are able
to easily perform both equirectangular-to-cube and cube-to-
equirectangular transformations, which are denoted asE2C
andC2E, respectively. A more detailed illustration is shown
in the supplementary material.

3.2. Proposed Spherical Padding

Due to the distortion in the equirectangular projection,
directly learning a typical convolutional neural network to
perform monocular depth estimation on equirectangular im-
ages would lead to unstable training process and unsatisfy-
ing prediction [4]. In contrast, the cubemap representation
suffers less from distortion but instead produces large er-
rors since the discontinuity across the boundaries of each
face [4, 26]. In order to resolve this issue for cubemap pro-
jection, Chenget al. [4] propose the cube padding (CP)
approach to utilize the connectivity between faces on the
cube for image padding. However, solely padding the fea-
ture map of a face by using the features from its neighboring
faces does not follow the characteristic of perspective pro-
jection. Therefore, here we propose the spherical padding
(SP) method, which pads the feature according to spher-
ical projection. As such, we can connect each face with
the geometric relationship. A comparison between the cube
padding [4] and our proposed spherical padding is illus-
trated in Fig. 3.

The most straightforward way to apply spherical padding
for cubemap is to �rst transform all the faces into a uni�ed


