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ABSTRACT

3D reconstruction plays an increasingly important role in modern photogrammetric systems.
Conventional satellite or aerial-based remote sensing (RS) platforms can provide the necessary
data sources for the 3D reconstruction of large-scale landforms and cities. Even with low-
altitude Unmanned Aerial Vehicles (UAVs), 3D reconstruction in complicated situations, such as
urban canyons and indoor scenes, is challenging due to frequent tracking failures between
camera frames and high data collection costs. Recently, spherical images have been extensively
used due to the capability of recording surrounding environments from one image. In contrast
to perspective images with limited Field of View (FOV), spherical images can cover the whole
scene with full horizontal and vertical FOV and facilitate camera tracking and data acquisition in
these complex scenes. With the rapid evolution and extensive use of professional and con-
sumer-grade spherical cameras, spherical images show great potential for the 3D modeling of
urban and indoor scenes. Classical 3D reconstruction pipelines, however, cannot be directly
used for spherical images. Besides, there exist few software packages that are designed for the
3D reconstruction from spherical images. As a result, this research provides a thorough survey
of the state-of-the-art for 3D reconstruction from spherical images in terms of data acquisition,
feature detection and matching, image orientation, and dense matching as well as presenting
promising applications and discussing potential prospects. We anticipate that this study offers
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insightful clues to direct future research.

1. Introduction

3D reconstruction is an increasingly critical module in
recent photogrammetric systems. It has been exten-
sively utilized for constructing digital cities (Xiong
et al. 2015), documenting cultural heritages
(Murtiyoso and Grussenmeyer 2017), and inspecting
tunnel cracks (Liao et al. 2022), etc. 3D reconstruction
can be implemented by using varying instruments, e.g.
Light Detection and Ranging (LiDAR) scanners, Time
of Flight (TOF) sensors, and optical cameras. The
popularity of image sensors and the development of
processing techniques have led to the vast usage of
image-based 3D reconstruction techniques among all
available sensors in the field of photogrammetry and
remote sensing (RS), such as satellite and aerial-based
images for urban buildings (Zhang et al. 2022).

With the increasing demands for fine-scale model-
ing, such as building facades and indoor environ-
ments, recent years have witnessed explosive
development of 3D reconstruction based on low-
altitude unmanned aerial vehicles (UAV) (Jiang,
Jiang, and Wang 2021; Li et al. 2023) or terrestrial
mobile mapping systems (MMS) (Puente et al. 2013).

Compared with satellite and airborne-based RS plat-
forms, these near-ground platforms have the advan-
tages of flexible instrument integration and multi-view
imaging, which can record the contents that cannot be
observed from high altitudes. Therefore, UAV and
MMS have been used as essential RS platforms for
data acquisitions in urban and indoor scenes
(Anguelov et al. 2010).

Perspective cameras are the most widely used sen-
sors for image-based 3D reconstruction. However, due
to the characteristics of data acquisition in street-view
and indoor environments, two main issues occur for
perspective cameras with their limited FOV (Field of
View) (da Silveira and Jung 2019). On the one hand,
surrounding environments are different from aerial
photogrammetry. In street-view and indoor environ-
ments, the trajectory of data acquisitions is limited by
street structures and indoor layouts, which causes
sudden viewpoint changes at turning points and
track failure between camera frames (Ji et al. 2020).
On the other hand, the observation regions are
extended from the single-direction records in aerial
photogrammetry to the omnidirectional acquisitions
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in street-view and indoor environments. It requires
more images at each camera exposure position and
increases acquisition time consumption (Zhang et al.
2016). Thus, effective imaging techniques are needed
for 3D reconstruction in street-view and indoor
situations.

Spherical cameras, also termed 360 cameras or
omnidirectional cameras, can record all surrounding
environments using one camera exposure. In contrast
to traditional perspective cameras, recorded images of
spherical cameras can cover the whole scene, whose
FOV ranges are 360° and 180° in horizontal and ver-
tical directions, respectively. Due to the advantage of
spherical cameras, spherical images have been adopted
for 3D modeling in street-view and indoor environ-
ments (Bruno and Roncella 2019; Fangi et al. 2018). In
addition, low-cost consumer-grade spherical cameras
like the Insta360 and Ricoh theta (Gao et al. 2022) are
growing in popularity, which greatly simplifies data
acquisition and encourages their use in a variety of
fields, such as damaged building inspection (Jhan,
Kerle, and Rau 2022), urban environment analysis
(Biljecki and Ito 2021), urban geo-localization
(Cheng et al. 2018; Wen et al. 2020), and heritage
modeling (Fangi and Nardinocchi 2013). Thus, sphe-
rical images have become one of the important data
sources for 3D reconstruction, especially for street-
view and indoor environments (Kang et al. 2020), as
illustrated in Figure 1.

Spherical images, however, have different charac-
teristics when compared with traditional perspective
images in the context of image-based 3D reconstruc-
tion (Pagani and Stricker 2011). One of the most
important differences is the camera imaging model.
Consequently, 3D reconstruction from spherical
images has technique differences from perspective
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images. In addition, fewer commercial and open-
source solutions are designed for the 3D reconstruc-
tion from spherical images when compared with per-
spective images. Therefore, this study aims to give
a review of reported techniques related to 3D recon-
struction from spherical images. The main contribu-
tions of this study include: (1) we give a systematic and
extensive review of recent techniques for 3D recon-
struction from spherical images; (2) we present the
most promising applications related to 3D reconstruc-
tion from spherical images; and (3) we also conclude
the prospects for 3D reconstruction from spherical
images from the aspects of technique development
and application promotion. The purpose of this
study is to provide useful clues to guide further
research for 3D reconstruction from spherical images.
This paper is organized as follows. The state-of-the-
art of data acquisition, image matching, image orien-
tation, and dense matching for 3D modeling of sphe-
rical images is reviewed in Section 2. Section 3
examines prospective applications for 3D reconstruc-
tion from spherical images, which is followed by the
primary prospects presented in Section 4. Finally,
Section 5 concludes this work and future studies.

2. Techniques

This section presents the recent techniques for 3D
reconstruction from spherical images. The main work-
flow for the photogrammetric 3D reconstruction is first
introduced, followed by data acquisition with varying
spherical cameras, image matching for establishing cor-
respondences, image orientation for estimating camera
poses, and dense matching for producing point clouds.
The details are listed as follows.

(©)

Figure 1. 3D reconstruction based on spherical images. (a) A spherical image and one enlarged region for detail comparison; (b)
The sparse reconstruction model; and (c) The dense reconstruction model after texture mapping.
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Figure 2. The main workflow of 3D reconstruction for spherical images.

2.1. Main workflow

According to the literature, there are five significant
steps in the workflow of image-based 3D reconstruc-
tion, i.e. data acquisition using photogrammetric sys-
tems, image matching to establish correspondences,
image orientation to determine camera poses, dense
matching to produce point clouds, and point cloud
meshing and texturing. Spherical images differ in the
camera imaging model and image representation for-
mat compared with classical perspective images,
which causes extra considerations in the first four
steps. Thus, this study reviews data acquisition,
image matching, image orientation, and dense match-
ing, and the main workflow of 3D reconstruction for
spherical images is presented in Figure 2.

2.2. Data acquisition

Data acquisition is the first step in the main workflow
of 3D reconstruction for spherical images. In this
section, three topics related to data acquisition are
presented, i.e. spherical cameras, image representa-
tions, and acquisition platforms. The details are
shown in the following subsections.

2.2.1. Spherical camera

The development of spherical cameras can be traced
back to two centuries ago (Luhmann 2004), which are
invented for the documentation of ancient buildings
and cultural heritages. For the purpose of surveying
and mapping, spherical cameras were first used in
close-range photogrammetry, in which spherical
images were usually captured by rotating camera
around the projection center or stitching overlapped
images through image matching. For aerial photo-
grammetry, spherical cameras are designed as an inte-
grated instrument that consists of several well-
calibrated perspective cameras.

In recent years, the performance of spherical cam-
eras has been greatly improved by the progress in the
fields of camera sensors and image processing techni-
ques, e.g. high-resolution digital cameras and high-
precision stitching algorithms. Based on the design
principle, spherical cameras can be divided into three
major categories, i.e. dioptric cameras, catadioptric
cameras, and polydioptric cameras (Gao et al. 2022;
Scaramuzza and Ikeuchi 2014):

¢ Dioptric cameras use a particular lens group to
refract rays that compress the direction of the
light entering the subsequent lens group. The
obtained FOV reaches 360° in the horizontal
direction and is larger than 90° in the vertical
direction. Thus, two lenses combined back to back
can capture the full surroundings. Figure 3(a) is an
example of the fisheye camera.

¢ Catadioptric cameras utilize the combination of
a lens group for ray refraction and a special mir-
ror for ray reflection, e.g. a parabolic, hyperbolic,
or elliptical mirror, with a standard camera to
achieve the FOV of 360° and greater than 100°
in the horizontal and vertical direction, respec-
tively. Compared with dioptric cameras, this
design can reflect the surrounding light into the
subsequent lens. Figure 3(b) is an illustration of
the catadioptric camera.

¢ Polydioptric cameras adopt multiple dioptric
cameras to obtain a real spherical FOV, i.e. 360°
and 180° in the horizontal and vertical directions,
respectively, in which dioptric cameras have
overlapping FOV to facilitate image stitching.
Figure 3(c) shows an example of a polydioptric
camera comprising 16 cameras.

Among the three categories, polydioptric cameras
have become the most extensively used spherical cam-
eras for both professional and consumer-grade appli-
cations because of two main reasons. On the one hand,
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Figure 3. The design principle of three commonly used spherical cameras. (a) Dioptric camera; (b) Catadioptric camera; and (c)

Polydioptric camera (Gao et al. 2022).

it can provide the full omnidirectional imaging tech-
nique; on the other hand, recorded images have extre-
mely high resolutions due to the use of multiple
cameras. Table 1 presents the detailed configurations
of well-known spherical cameras, including the con-
sumer-grade cameras, e.g. the Ricoh Theta series and
Insta360 Sphere, and the professional cameras, e.g.
Insta360 Pro2 and Teledyne FLIR Ladybug5+. Except
for Weiss AG Civetta, all the other spherical cameras
are designed by using the polydioptric mechanism.
For consumer-grade cameras, the lens number is
usually configured as 2 or 3. The illustration of the
cameras is presented in Figure 4. In general, there are
two ways to increase the resolution of recorded
images, i.e. increasing the number of integrated cam-
eras or exchanging the style of image recording. The
former has been used in Panono and Ladybug5+,
which enables instant image recording, e.g. equipped
with an MMS system. The latter has been used in
Weiss AG Civetta to obtain extremely high resolution.
This strategy, however, sacrifices the capability of
instant acquisition, and it is more suitable for site-
based image recording.

2.2.2. Image representation

Spherical images record the surrounding environ-
ments at each camera exposure position. In contrast
to the 2D plane representation of perspective images,
Figure 5 presents the most widely used three types of
image representation methods (da Silveira et al. 2022).

e The first one is the spherical representation.
Objects in surrounding environments are mapped
onto a sphere, as presented in Figure 5(a).
Spherical representation is useful for panoramic
navigation, which has been widely used for street-
view navigation, e.g. Google and Baidu Street
View. Spherical representation, however, is unsui-
table for image processing and hardware storage.
Equirectangular images, which are produced by
the equirectangular projection (ERP), are a com-
mon representation, as shown in Figure 5(b).
Similar to perspective images, equirectangular
images can be considered typical images and
processed by existing algorithms, e.g. feature
extraction and matching (Pagani and Stricker
2011). Because of the projection from 3D sphere

Table 1. The detailed configurations of well-known spherical cameras. Noticeably, the resolution for Ladybug5+ is the image

dimension of an individual camera.

Number of Resolution
Camera Manufacturer Principle lenses (pixel) Weight (kg) Professional
Gear360 Samsung polydioptric 2 4096x2048 0.13 X
Theta Z1 Samsung polydioptric 2 6720%3360 0.18 X
Theta X Ricoh polydioptric 2 11008x5504 0.17 X
Max 360 Ricoh polydioptric 3 5760x2880 0.16 X
Sphere GoPro polydioptric 2 6080x3040 0.19 X
Pro 2 Insta360 polydioptric 6 7680x7680 1.55 V
Panono Insta360 polydioptric 36 160008000 0.48 v
Ladybug5+ Professional360 polydioptric 6 2048%x2464* 3.00 V
Civetta Teledyne FLIR dioptric / 230 M 5.70 v
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Figure 4. The illustration of the well-known spherical cameras. (a) Gear360; (b) Theta Z1; (c) Theta X; (d) Max 360; (e) Sphere;
(f) Pro 2; (g) Panono; (h) Ladybug5+; (i) Civetta.

(2) (b) (©

Figure 5. Three typical representation for spherical images: (a) Spherical representation; (b) Equirectangular representation; (c)
Cubic-map representation.

to 2D plane, geometric distortions are introduced decrease the overlap region between frames
to equirectangular images, especially for the and increase the image number for image
regions near sphere poles. orientation.

e The third image representation, i.e. cubic-map

representation (CMP), is created to alleviate  Since the simple and typical format, equirectangular
the distortion in equirectangular projection,  representation has been extensively adopted for sphe-
which converts one spherical image into six  rical images, including well-known open-source and
concentric perspective images, as presented in ~ commercial software packages, e.g. OpenMVG
Figure 5(c). Each cubic-map image can be (Moulon et al. 2017), Agisoft Metashape (2023), and
considered as one typical perspective image  Pix4dMapper (2023). Thus, this review pays more
whose projection distortions have been  attention to the equirectangular representation of
removed. However, this representation would  spherical images.
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(b)

Figure 6. Different acquisition platforms and corresponding sample images. (a) Moving vehicles (Anguelov et al. 2010);

(b) Ground-fixed tripods; and (c) Unmanned aerial vehicles.

2.2.3. Acquisition platform

Depending on their individual properties, spherical
cameras can be operated manually or with various
remote sensing platforms. The most extensively
adopted platforms can be moving vehicles (Anguelov
et al. 2010), ground-fixed tripods (Herban et al. 2022),
and handheld poles. These platforms record images
along urban streets or around center landmarks, as
presented in Figure 6(a,b).

In recent vyears, UAV platforms are also
designed to accommodate spherical cameras
(Zhang et al. 2020), which can record spherical
images from relatively high altitudes, as shown in
Figure 6(c). Compared with spherical cameras for
the other two platforms, e.g. Ladybug5+ for mov-
ing vehicles and Civetta for ground-fixed tripods,

spherical cameras for UAVs are strict to the
weight and dimension of sensors due to the lim-
ited payload weight and flight endurance. In addi-
tion, spherical cameras are required instant
recording ability when mounted on moving vehi-
cles and UAV platforms, which would restrict the
resolution of recorded images. On the contrary,
spherical cameras designed for ground-fixed tri-
pods can record images with extremely high spa-
tial resolution. Figure 7 shows the images recorded
by the Weiss AG Civetta spherical camera, from
which details can be observed from both outdoor
and indoor recorded spherical images. In the lit-
erature, there exist some useful and public datasets
captured by sphere cameras, which is presented in
Table 2.

(b)

Figure 7. Spherical images recorded by the Weiss AG Civetta camera (2023). (a) The example for the outdoor scene; and (b) The

example for the indoor scene.
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Name Year Purpose

Website

3D60 2021 Dense matching

https://vcl3d.github.io/Pano3D

It provides composited and realistically scanned 3D datasets of interior spaces that are used to generate high-quality,
densely annotated spherical panoramas Albanis et al. (2021).

https://albert100121.github.io/360SD-Net-Project-Page/

It contains re-rendered subsets of the Stanford 2D-3D and Matter-port3D data sets, which consists of 3,577 1024 x 512

https://structured3d-dataset.org/

It provides 196,515 frames from 3,500 synthetic, photo-realistic house designs, and each scene has 1024 x 512 ERP images

Re-rendering subsets of 2020 Dense matching
Stanford 2D-3D and
Matterpor stereoscopic ERP images N. Wang et al. (2020).
Structured3D 2020 Structured 3D modeling
at three different light conditions and camera poses J. Zheng et al. (2020).
Re-rendering subset of 2019 Dense matching

Stanford 2D-3D

https://github.com/pokonglai/ods-net

It provides a re-rendered subset of the Stanford 2D-3D dataset. It provides about 50,000 256 X 128 stereo ERP images

separated by a 6.5cm horizontal baseline (Lai et al. 2019).

PanoSUNCG 2018

Camera motion and depth

https://fuenwang.ml/project/360-depth/

It provides about 25,000 images captured by SUNCG from 103 different scenes in five camera paths, including color, depth,

and rendering tracks F. Wang et al. (2018).

Stanford 2D-3D 2017 Dense matching

http://3dsemantics.stanford.edu

It contains 1,413 full Field of View indoor realistic capture of six wide range of areas, which provides depth, normal, and

semantic mapping Armeni et al. (2017).
Matterport3D 2017 Dense matching

https://niessner.github.io/Matterport/

It provides 10,800 CMP panoramas from 90 real building scale scenes, including depth, camera position, and semantic

segmentation J. Zheng et al. (2020).

2.3. Image matching

Image matching is the second step in the main work-
flow of 3D reconstruction for spherical images, which
aims to establish correspondence matches between
image pairs with high inlier ratio and even spatial
distribution. In the literature, image matching has
been a well-studied topic in the fields of photogram-
metry and computer vision, which can be verified
from earlier hand-crafted algorithms to recent learn-
ing-based networks (Chen, Rottensteiner, and Heipke
2020; Hartmann, Havlena, and Schindler 2016; Heipke
and Rottensteiner 2020; Jiang et al. 2021; Ma et al.
2021). In this section, we focus on reported methods
that can be utilized for spherical images. Table 3 lists
the algorithms for image matching.

2.3.1. Feature detection and description
The purpose of feature detection and description is to
detect distinguishable keypoints that can be found in

Table 3. The algorithms for feature matching of spherical images.

overlapped images and calculate their robust descrip-
tors that are invariant to the changes in scale, view-
point, and illumination. Due to the equirectangular
projection of spherical images, more serious geometric
distortions disturb feature detection and description.
According to the strategy used, existing methods can
be divided into four groups, including classical meth-
ods, 2D plane-based methods, 3D sphere-based meth-
ods, and learning-based methods.

2.3.1.1. Classical methods. Classical feature detec-
tion and description methods can also be applied
to equirectangular images because of two main rea-
sons. On the one hand, image regions near the
sphere equator have relatively small distortions
after equirectangular projection; on the other
hand, most data acquisition campaigns are con-
ducted by fixing the roll and pitch angles of sphere
cameras, such as cameras mounted on moving

Name Language Year

Website

OmniCVv C++ 2020

https://github.com/kaustubh-sadekar/OmniCV-Lib

A computer vision library for omnidirectional cameras, e.g. dioptric, catadioptric and polydioptric cameras. It provides tools for format

conversion and image viewing.
SPHORB C++ 2015

https://github.com/tdsuper/SPHORB

A package based on a nearly regular hexagonal grid parametrization of the sphere geodesic grid, which adapts planar ORB to the

spherical domain Q. Zhao et al. (2015).
SSIFT Matlab 2009

https://github.com/Artcs1/Keypoints

It transforms the plane SIFT to spherical coordinates and proposes two descriptors for feature matching Cruz-Mota et al. (2012). Please

refer to the file SSIFT.m in this repository.

Tangent Images Python 2020

https://github.com/meder411/Tangent-Images

Distortion is alleviated by rendering the spherical image as a set of local planar image grids tangent to the subdivided icosahedron

Eder et al. (2020).

https://github.com/maxjiang93/ugscnn

A CNN network for spherical signals based on parameterized differential operators on unstructured grids C. Jiang et al. (2019).

https://github.com/deepsphere

A graphical representation of a sampling sphere that achieves a controlled balance between efficiency and rotationally equivalent

https://github.com/jonkhler/s2cnn

A library for the rotation equivariant CNNs for spherical signals (e.g. omnidirectional images, signals on the globe) Cohen et al. (2018).

UGSCNN Python 2019

DEEPSPHERE Python 2020
variance Defferrard et al. (2019).

S2CNN Python 2018

SphereNet Python 2018

https://github.com/ChiWeiHsiao/SphereNet-pytorch

A network that adjusts sampling positions of CNN kernels, which can transfer existing perspective networks to the omnidirectional

case Coors, Condurache, and Geiger (2018).



https://vcl3d.github.io/Pano3D
https://albert100121.github.io/360SD-Net-Project-Page/
https://structured3d-dataset.org/
https://github.com/pokonglai/ods-net
https://fuenwang.ml/project/360-depth/
http://3dsemantics.stanford.edu
https://niessner.github.io/Matterport/
https://github.com/kaustubh-sadekar/OmniCV-Lib
https://github.com/tdsuper/SPHORB
https://github.com/Artcs1/Keypoints
https://github.com/meder411/Tangent-Images
https://github.com/maxjiang93/ugscnn
https://github.com/deepsphere
https://github.com/jonkhler/s2cnn
https://github.com/ChiWeiHsiao/SphereNet-pytorch

1966 (&) S.JIANG ET AL.

vehicles for street-view images (Torii, Havlena, and
Pajdla 2009) or on fixed tripods for corridor photos
(Herban et al. 2022). These two conditions ensure
the repeatability of extracted features on equirectan-
gular images.

In the literature, classical feature detectors have
been applied to equirectangular images, including
floating and binary feature descriptors (Bay et al.
2008; Lowe 2004; Morel and Yu 2009; Rublee et al.
2011). Torii, Havlena, and Pajdla (2009) used SURF
(Speeded-up Robust Features) to extract features from
street-view images and conduct image orientation
based on SfM (Structure from Motion). Thus, existing
algorithms can be directly utilized for equirectangular
images, which can achieve high efficiency without
extra computational costs. Figure 8 gives an example
of feature extraction using the classical SIFT.

2.3.1.2. 2D plane-based methods. When spherical
images are rotated around the X (pitch angle) or
Z (roll angle) axis, the image appearances near the
sphere equator would change obviously, which causes
serious geometric distortions. For visual analysis,
Figure 8 illustrates three images that are captured by
rotating around the X axis with the angle of 0°, 45°,

and 75°, respectively. It is clearly shown that geometric
distortions increase dramatically with the increase of
rotation angles. Because of the introduced distortions,
the number of correspondences decreases in these two
corresponding regions. Feature detection and descrip-
tion must therefore receive more attention.

In the field of photogrammetry, image rectification
has been widely used to decrease the influence of
geometric distortions on feature detection and
description (Jiang and Jiang 2017). Similar to the
rectification strategy, some research has been docu-
mented for spherical images, which can be divided
into three main groups, i.e. global methods, local
methods, and semi-global methods.

¢ Global methods aim to rectify the whole image,
and cubic-map representation has been the clas-
sical strategy, as presented in Figure 5(c). For
example, Wang et al. (2018) proposed reproject-
ing spherical images into cubic-map images for
feature detection and implementing a SLAM
(Simultaneous Localization and Mapping) sys-
tem, termed CubemapSLAM.

Local methods aim to rectify local image regions
around detected feature points and calculate their

(b)

Figure 8. The influence of geometric distortion on feature matching using the classical SIFT. The value in each image indicates the
rotation angle around the X axis, and the yellow circles represent the matched feature points between the two images.

Tangent patch

Spherical patch
(a)

Projected region

Figure 9. The illustration of 2D plane-based methods. (a) Local methods based on the tangent plane projection of feature point
patches; (b) Semi-global methods based on the projection around the sphere equator region. Red shapes indicate detected

features.



descriptors on the rectified image patches (Eder
et al. 2020; Chuang and Perng 2018), as presented
in Figure 9(a). In the work of Chuang and Perng
(2018), image patches around feature points are
projected to the tangent planes across these fea-
ture points, and SURF descriptors are computed
from these patches with similar perspective
views. Although 2D plane-based methods are
based on a simple principle, extra time costs are
required in image rectification.

¢ Semi-global methods are designed to reproject
a proportion of spherical images and conduct
feature detection on the rectified image region,
which is inspired by the truth that small distor-
tions exist near the sphere equator, as presented
in Figure 9(b). Taira et al. (2015) proposed gen-
erating three reprojected equirectangular images
by a rotation of 0°, 60°, and 120° around X axis,
respectively, and detecting features from the
equator regions in each rectified equirectangular
image.

2.3.1.3. 3D sphere-based methods. In contrast to
image geometric rectification, some research starts
from scratch to design and implement algorithms for
feature detection and description of spherical images
(Cruz-Mota et al. 2012; Guan and Smith 2017; Q. Zhao
etal. 2015). The primary motivation is to avoid the high
computational costs consumed in image geometric rec-
tification and decrease the influence of geometric dis-
tortions introduced by equirectangular projection.
Naturally, the spherical representation is the optimal
solution instead of the equirectangular representation
used in the above-mentioned methods. Thus, existing
research exploits the spherical coordinate to design new
feature detection and description algorithms. The core
of these methods is how to construct the scale space
pyramid on spherical images (Arican and Frossard
2012). Like SIFT (Cruz-Mota et al. 2012), implemented
a spherical SIFT, termed SSIFT, which directly simu-
lates image representation, scale space construction,
extreme point detection, and descriptor calculation in
the spherical coordinates, and shows better perfor-
mance compared with classical SIFT. Inspired by this
work, others attempt to improve the efficiency of SSIFT
by replacing the time-consuming SIFT with binary
detectors and descriptors, such as SPHORB (Zhao
et al. 2015) and BRISKS (Guan and Smith 2017). In
a word, 3D sphere-based methods can avoid the geo-
metric distortions in equirectangular images with the
sacrifice of efficiency due to the computation on the
sphere.

2.3.1.4. Learning-based methods. Due to the power-
ful representation learning ability, CNN (Convolutional
Neural Network) based deep learning networks have
been extensively used for feature detection and
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description. According to the work of Jiang et al.
(2021), existing networks can be divided into three
groups, i.e. joint feature and metric learning networks
(Han et al. 2015; Kumar BG, Carneiro, and Reid 2016;
Simo-Serra et al. 2015), separate detector and descriptor
learning networks (Luo et al. 2018, 2019; Mishchuk
etal. 2017; Tian, Fan, and Wu 2017), and joint detector
and descriptor learning networks (DeTone,
Malisiewicz, and Rabinovich 2018; Dusmanu et al.
2019). For the first group, CNN models learn
a similarity function to predict image patch similarities
and integrate feature representation and matching
within the same network. For the second group, CNN
networks only learn feature representation, and feature
matching is conducted based on classical strategies,
such as the L2-norm Euclidean distance-based metric
between feature descriptors. For the third group,
trained models learn detectors and descriptors simulta-
neously, which can cope with images recorded in vary-
ing conditions. Similar to hand-crafted methods,
existing networks have been used for spherical images
by using pre-trained or finetuned models, as shown in
Figure 10(a). For further details, readers can refer to
(Da Silveira and Jung 2017; Murrugarra-Llerena, da
Silveira, and Jung 2022).

Due to inevitable distortions in sphere-to-plane
projection, CNN networks for perspective images
may obtain inaccurate results. To address this issue,
reported approaches in literature can be divided into
three groups, i.e. tangent projection methods, CNN
kernel shape resizing methods, and CNN sampling
point adjustment methods.

e For the first one, similar to 2D plane-based meth-
ods, equirectangular images are first projected to
undistorted tangent images (Eder et al. 2020) or
divided into quasi-uniform discrete images (Shan
and Li 2018), and then existing CNN networks
are applied to resulting images, as shown in
Figure 10(b). Although these methods can
achieve high accurate predictions, they suffer
from high computational costs due to resampling
of 3D spherical images to 2D plane images.

¢ For the second one, CNN networks are designed
to work on equirectangular images by adjusting
the CNN kernel shape (Coors, Condurache, and
Geiger 2018; Su and Grauman 2017; Zhao et al.
2018). In the work of (Su and Grauman 2017),
a network termed SPHCONYV has been proposed,
which aims to produce results as the output of
applying perspective CNN networks to the corre-
sponding tangent images. SPHCONV was
achieved by defining convolution kernels with
varying shapes for pixels in different image
rows, as illustrated in Figure 10(c). Similarly,
(Su and Grauman 2019) proposed a kernel trans-
former network (KTN) to learn spherical kernels
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Figure 10. The principle of CNN for spherical images (Su and Grauman 2017; Q. Zhao et al. 2018). (a) Direct applying CNN on the
ERP spherical images; (b) Applying CNN on the tangent images; (c) Adjusting the kernel shape of CNN at varying latitudes; (d)
Adjusting the sampling points of CNN kernels by using tangent plane projection.

by taking as input the latitude angle and source
kernels for perspective images.

e For the third one, sampling points of CNN ker-
nels are adjusted based on ERP sphere image
distortions instead of adjusting convolution ker-
nel shape. For example, (Zhao et al. 2018) and
(Coors, Condurache, and Geiger 2018) designed
distortion-aware networks that sample non-
regular grid locations according to the distortions
of different pixels, as shown in Figure 10(d). The
core idea is to determine sampling locations
based on the sphere projection of a regular grid
on the corresponding tangent plane. Due to reg-
ular convolution kernels, these frameworks
enable the transfer between CNN models for
perspective and equirectangular images.

2.3.2. Feature matching

The purpose of feature matching is to search correspon-
dences from two sets of feature descriptors. Generally,
feature matching is achieved by using nearest-neighbor
searching based on the L2-norm Euclidean distance
metric (Muja and Lowe 2009). In the literature, extensive
research has been reported for feature matching from the
aspects of efficiency acceleration and precision improve-
ment (Hartmann, Havlena, and Schindler 2016; S. Jiang,
Jiang, and Wang 2021). Due to the high dimension of
local feature descriptors and the large number of sphe-
rical images, exhaustive feature matching consumes
extremely high time costs. Thus, it becomes very critical
to increase the efficiency of feature matching.

In the literature, there are valuable methods for
accelerating feature matching, including restrict-
ing the number of features in feature matching,
decreasing the number of images, and reducing
the number of match pairs. For a detailed review,
the readers can refer to this work (Hartmann,
Havlena, and Schindler 2016; Jiang, Jiang, and
Jiang 2020). Among these reported methods,
match pair selection can be the most straightfor-
ward and effective way to accelerate feature
matching. Three strategies can be exploited for
spherical images based on their acquisition envir-
onments. First, data acquisition constraints can be
used, e.g. the time-sequential constraint for street-
view images. In other words, feature matching can
be restricted to neighbors according to their
acquisition time. Second, for professional MMS
systems and consumer-grade sensors, precise or
rough GNSS (Global Navigation Satellite System)
data is usually recorded simultaneously with sphe-
rical images, which provides the best clue to select
spatially overlapped match pairs. Third, the CBIR
(Content-based Image Retrieval) technique has
become a standard module (Jiang and Jiang
2020; Zheng, Yang, and Tian 2017). It merely
uses images for visual retrieval without other
assumptions and auxiliary data. Based on the
above-mentioned review, Table 4 concludes the
advantages and disadvantages of the four cate-
gories of algorithms for feature detection and
description.
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Table 4. Method comparison for feature detection and description.

Category Methods

Advantages and disadvantages

Classical methods

2D plane-based methods
Y. Wang et al. (2018)

3D sphere-based methods

Learning-based methods

CNN Su and Grauman (2017)

SIFT Lowe (2004); Morel and Yu (2009), SURF
Bay et al. (2008), ORB Rublee et al. (2011)

Local Chuang and Perng (2018); Eder et al.
(2020), semi-global Taira et al. (2015), global

SSIFT Cruz-Mota et al. (2012), SPHORB Q. Zhao
et al. (2015), BRISKS Guan and Smith (2017)

ContextDesc Luo et al. (2019), LoFRT Sun et al.
(2021), SuperGlue Sarlin et al. (2020), sphere

Advantages: (1) existing algorithms can be used directly; (2)
high efficiency without other computational costs.

Disadvantages: (1) do not consider geometric distortions.

Advantages: (1) decrease local or global geometric
distortions.

Disadvantages: (1) require extra time costs for image
rectification.

Advantages: (1) avoid geometric distortions by using
spherical coordinates.

Disadvantages: (1) requires extra time costs for image
reprojection; (2) cannot use existed algorithms.

Advantages: (1) leverage the power of CNN to cope with
low textures and repetitive patterns for indoor scenes.

Disadvantages: (1) depend on large training datasets; (2)
retraining of existing networks or design of new networks.

2.4. Image orientation

Image orientation aims to estimate camera poses, scene
structures, and intrinsic parameters based on estab-
lished two-view correspondences. Image orientation is
also termed aerial triangulation (AT) in photogram-
metric 3D reconstruction, which requires good initial
values of unknown parameters and well-designed con-
figurations in data acquisition. Image orientation of
spherical images can be achieved through the well-
known Structure from Motion (SfM) technique for
multi-view geometry in computer vision (Snavely,
Seitz, and Szeliski 2006) or the Simultaneous
Localization and Mapping (SLAM) technique for
instant localization in robot vision (Mouragnon et al.
2006). Thus, this subsection presents camera calibra-
tion, SfM-based offline, and SLAM-based online meth-
ods for spherical image orientation.

2.4.1. Camera calibration

2.4.1.1. Camera imaging model. The camera ima-
ging model is the basis for camera calibration, which
establishes the geometric transformation between 3D
points in the object space and 2D points in the image

Single effective viewpoint

Mirror

Image plane

(a)

Unit sEhere
‘s\\*-.\
-
N s
\

plane. Based on the design of spherical cameras, there
are three major camera imaging models, i.e. the uni-
fied projection model, general camera model, and
multi-camera model.

e Unified projection model (Mei and Rives
2007) has been mainly designed for central
catadioptric cameras, in which environment
light rays intersect in a single point, i.e. the
projection center of the mirror, as shown in
Figure 11(a). This camera imaging model fol-
lows a strict theoretical projection function
that models real-world imaging errors. The
unified projection model has recently been
verified as effective for wide-angle and fisheye
cameras (Heng, Li, and Pollefeys 2013).

e General camera model (Taylor model)
(Scaramuzza, Martinelli, and Siegwart 2006) has
been used for modeling the imaging procedure of
central catadioptric and dioptric cameras. Instead
of using the strict theoretical model in the unified
projection model, the general camera model uti-
lizes a Taylor polynomial function to fit the
projection.

Unit sphere

©

Figure 11. Camera imaging models (Ji et al. 2014; Scaramuzza, Martinelli, and Siegwart 2006). (a) Central catadioptric cameras; (b)

Multi-camera model; and (c) Unit sphere camera model.
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¢ Multi-camera model has been designed to estab-
lish the projection of the widely used polydioptric
cameras that record spherical images by using
a camera rig, e.g. the Ladybug 5+ camera. The
multi-camera model can be implemented using
several individual camera models or a unit sphere
camera model (Ji et al. 2014). The former is more
rigorous in formulating the imaging system, as
shown in Figure 11(b); on the contrary, the latter
has a more straightforward formula widely used
in close-range photogrammetry, as shown in
Figure 11(c).

2.4.1.2. Camera calibration. The purpose of camera
calibration is to calculate the intrinsic parameters of
cameras, e.g. the focal length, principal point, and lens
distortion coefficients. After selecting a proper camera
imaging model, camera calibration can be achieved by
using a combined bundle adjustment of both interior
and exterior orientation parameters. In practice, there
are three ways to estimate the parameters: self-
calibration based on the epipolar geometry constraint,
space resection using non-planar 3D control points,
and laboratory calibration using checkerboards
(Urban, Leitloff, and Hinz 2015). In the work of
(Aghayari et al. 2017), a Ricoh Theta dual-camera
system has been calibrated based on the expanded
unit sphere camera model, in which two extra para-
meters that model the displacement of latitude and
longitude coordinates are incorporated into the cam-
era imaging model. For calibrating a professional
Ladybug multi-camera system, Lichti et al. (2020)
adopted the colinear equation-based rigorous model,
which combines five radial distortion parameters and
two decentering distortion parameters to model the
imaging errors. For comparing different calibration
methods for spherical cameras, readers can refer to
the work of Puig et al. (2012). Besides, Table 5 presents
a list of open-source software packages for spherical
camera calibration.

2.4.2. SfM-based offline methods

2.4.2.1. Principle of incremental SfM. Existing SftM
can be divided into three major groups, i.e. incre-
mental SfM, global SfM, and hybrid SfM, according
to the used strategy for estimating and optimizing
unknown parameters (Cui et al. 2017). Compared
with other techniques, incremental SfM has the
advantages of resisting high outlier ratios and
achieving accurate orientation models.
Incremental SfM has been widely used in photo-
grammetric 3D reconstruction (Jiang and Jiang
2017).

The workflow of incremental SfM is shown in
Figure 12, which consists of two components, i.e.
feature matching and incremental image registra-
tion. Feature matching can be solved by using the
methods presented in Section 2.3. For image regis-
tration, consistent correspondences are first tied to
create tie-points (Cao et al. 2019). In incremental
image registration, two seed images are first
selected among all matched image pairs, which
have a large enough intersection angle and
a sufficient number of well-distributed matched
features. A base model is then constructed by reco-
vering their relative poses and triangulating 3D
scene points, which would be used to register the
next-best image and triangulate more 3D scene
points. Meanwhile, local or global bundle adjust-
ment (BA) optimization is executed to decrease
accumulated errors and remove false matches.
After iterative image registration and point trian-
gulation, all images are registered into the same 3D
model (Snavely, Seitz, and Szeliski 2008).

In the above-mentioned iterative local and global
BA, the optimization problem is usually formulated as
a joint minimization of the reprojection function
(Triggs et al. 2000), where the sum of errors between
tie-point projections and their corresponding image
points is minimized. The object function of BA is
presented by the Equation (1)

Table 5. A list of open-source software packages for spherical camera calibration.

Name

Language Year Website

OCamCalib

Improved OcamCalib

LIBOMNICAL

Omnidirectional Calibration Toolbox Mei

camodocal

kalibr

Matlab 2006 https://sites.google.com/site/scarabotix/ocamcalib-
omnidirectional-camera-calibration-toolbox-for-matlab
A toolbox to calibrate any central omnidirectional camera, i.e. panoramic cameras having a single effective
viewpoint Scaramuzza, Martinelli, and Siegwart (2006).
Matlab 2015 https://github.com/urbste/ImprovedOcamCalib
An add-on toolkit to the OCamCalib toolbox that implements calibration algorithms for wide-angle, fisheye,
and omnidirectional cameras Urban, Leitloff, and Hinz (2015).
Matlab 2014 https://www.cvlibs.net/projects/omnicam
A MATLAB Toolbox to calibrate central and slightly non-central catadioptric cameras and catadioptric stereo
setups Schonbein, StrauB, and Geiger (2014).
Matlab 2007 https://www.robots.ox.ac.uk/~cmei/Toolbox.html
A toolbox implements the unified projection model to calibrate hyperbolic, parabolic, and folding mirrors
and spherical and wide-angle sensors Mei and Rives (2007).
C++ 2013 https://github.com/hengli/camodocal
A toolbox for automatic intrinsic and extrinsic calibration of a camera rig with multiple generic cameras and
odometry Heng, Li, and Pollefeys (2013).
C++ 2016 https://github.com/ethz-asl/kalibr
A toolbox for multi-camera calibration and multi-sensor integration Rehder et al. (2016).
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Figure 12. The workflow of the incremental SfM (S. Jiang, Jiang, and Jiang 2020).
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where X; and C; indicate a 3D point and a camera,
respectively; P(C;,X;) is the projection of point X; on
camera Cj; x;; is an observed image point correspond-
ing to Xj; ||-[| denotes L2-norm; p;; is an indicator
function with p; =1 if point X; is visible in camera

Cj; otherwise pi = 0.

2.4.2.2. Perspective SfM to spherical SfM. For sphe-
rical image orientation, there have been some attempts
to adapt perspective SfM to spherical SfM in the last
two decades. Chang and Hebert (2000) proposed
a two-step SfM for omnidirectional images depending
on linear initialization and nonlinear optimization.
Uncertainty analysis and result comparison were also
conducted and compared with perspective SfM. In the
work of Torii, Imiya, and Ohnishi (2005), both two-
view and three-view geometry of spherical images
have been analyzed and discussed. The epipolar geo-
metry forms the basis for 3D reconstruction from

spherical images, e.g. the pose recovery in a virtual
navigation system (Kangni and Laganiere 2007).
With the usage of advanced MMS systems for
urban city modeling and navigation, some
researchers moved their attention to 3D recon-
struction of large-scale scenes instead of two or
three-view geometry estimation in the earlier work
(Micusik and Pajdla 2006). As one of the early
pioneering attempts, Torii, Havlena, and Pajdla
(2009) proposed an incremental SfM system that
combines state-of-the-art techniques, e.g. local fea-
ture-based feature detection, approximate nearest
neighbor-based feature matching, and robust essen-
tial matrix estimation and optimization. The per-
formance of the proposed SfM system has been
verified by using Google Street View images that
cover a large street block (Anguelov et al. 2010), as
presented in Figure 13(a). For full spherical images,
Pagani and Stricker (2011) investigated different
error metrics on relative and absolute pose estima-
tion and also designed the error approximations to
reduce computational costs. These error metrics
consist of the basic blocks for spherical SfM.

Figure 13. SfM for spherical images. (a) Direct processing of spherical images based on the unit spherical camera model (Torii,
Havlena, and Pajdla 2009); (b) Indirect processing of spherical images based on sphere-to-plane projection (X. Zhang et al. 2020).
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In contrast to professional sensors, recent years also
witnessed the explosive development of consumer-
grade spherical cameras (Gao et al. 2022) and their
usage in 3D modeling. In Guan and Smith (2016), the
von Mises-Fisher distribution was utilized to model
the noise distribution of feature point positions on
spherical images and to reformulate the error function
in the bundle adjustment optimization. Meanwhile,
spherical-n-point and triangulation algorithms that
are suitable for spherical images have been proposed
to achieve spherical video orientation and viewing
direction stabilization. Zhang et al. (2020) embedded
spherical cameras into a UAV platform and proposed
a solution for panoramic photogrammetry, as pre-
sented in Figure 13(b). In data processing, original
spherical images are first reprojected to cubic images,
which are then reconstructed by using existing com-
mercial software. The study verifies the validation of
spherical cameras for oblique photogrammetric 3D
modeling of urban buildings.

Although extensive research has been reported in
the literature, the majority of both open-source and
commercial software packages are now designed for
perspective images. Table 6 lists the well-known and
widely used software packages for 3D reconstruction
in the fields of photogrammetry and computer vision.
It is shown that only a few packages provide the full
3D reconstruction module for spherical images, e.g.
the open-source software OpenMVG and MicMac and
the commercial Pix4Dmapper and
Metashape. With the increasing popularity of spheri-
cal cameras, there is an urgent requirement for well-
designed toolkits that can support scientific research
and engineering application. Thus, further research is
required for photogrammetric 3D reconstruction
from spherical images.

software

2.4.3. SLAM-based online methods

2.4.3.1. Principle of visual SLAM. In contrast to the
offline SfM technique, SLAM can implement simul-
taneous and real-time image orientation and scene
reconstruction, which origins from the robotic field
for localization and navigation without GNSS sig-
nals, as well as environment mapping (Huang, Zhao,
and Liu 2019). In the field of photogrammetry and
computer vision, SLAM has also been used for
online image orientation, e.g. UAV and MMS
images (Huang et al. 2020; Lu et al. 2018). Various
sensors can be integrated into a SLAM system, such
as RGB and depth cameras, laser scanners, GNSS
and IMU (Inertial Measurement Unit) instruments,
and wheel odometry (Huang, Zhao, and Liu 2019).
For spherical image orientation, the used SLAM
system is termed visual SLAM.

Figure 14 shows the workflow of the visual SLAM,
which consists of two major components. The front-
end is utilized to process sequentially observed images
through feature extraction, feature matching, motion
estimation, and keyframe selection; the back-end is
responsible for loop detection, BA optimization, and
3D mapping. The processing pipeline of the visual
SLAM system includes: 1) sequentially estimating the
motion of newly added images with local BA optimi-
zation; 2) checking whether or not the newly added
images are keyframes and creating more map points
from keyframes; 3) detecting loops between newly
added images and existing 3D models and conducting
global BA optimization to reduce error accumulation.
Through the iterative execution of these three steps,
images are sequentially oriented.

2.4.3.2. SLAM with large FOV cameras. Cameras
with large field-of-view angles can enhance the

Table 6. A list of open-source and commercial SfM software packages.

Name Language Year

Website Spherical camera

AliceVision C++ 2018

https://github.com/alicevision V

A photogrammetric computer vision framework for 3D reconstruction. It provides three types of camera models,

i.e. Radial, Brown, and Fisheye Griwodz et al. (2021).
COLMAP C++ 2016

https://github.com/colmap/colmap X

A 3D reconstruction software that includes both sparse and dense matching modules, which includes Radial, and

Fisheye camera models Schonberger and Frahm (2016).
https://github.com/openMVG/openMVG V

OpenMVG C++ 2015

A well-known sparse reconstruction software that provides Radial, Brown, Fisheye, and Sphere camera models. It
can directly process spherical images Moulon et al. (2017).

MicMac C++ 2007

https://github.com/micmaclGN/micmac V

An open-source photogrammetric toolkit that provides modules of AT, dense matching, and ortho-rectification for
satellite, aerial and close-range images Rupnik, Daakir, and Deseilligny (2017).

ContextCapture / 2022

https://www.bentley.com X

A well-known and widely used 3D modeling software in the field of photogrammetry, which can provide the best
3D textured mesh models. It only supports perspective cameras.

Pix4Dmapper / 2022

https://www.pix4d.com Vv

A well-known and widely used photogrammetric software for aerial and close-range images in the field of
photogrammetry. It supports perspective, fisheye, and spherical cameras.

Metashape / 2022

https://www.agisoft.com V

A well-known and widely used photogrammetric software for aerial and close-range images in the field of
photogrammetry. It supports perspective, fisheye, and spherical cameras.

RealityCapture / 2022

https://www.capturingreality.com X

A photogrammetric computer vision software for 3D reconstruction. It features a fast speed for image processing. It

now supports a perspective camera.
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Figure 14. The workflow of the visual SLAM system.

robustness of the SLAM systems (Zhang et al. 2016)
since they enable long-period feature tracking, espe-
cially in urban streets and indoor environments. Large
FOV cameras have been increasingly integrated into
visual SLAM systems. Recently adopted large FOV
cameras can be grouped into two categories, including
fisheye cameras with wide FOV and spherical cameras
with full FOV.

Fisheye cameras are the most reported large FOV
sensors coupled with visual SLAM systems (Caruso,
Engel, and Cremers 2015; Matsuki et al. 2018; Won
et al. 2020; Zhang et al. 2016). Caruso, Engel, and
Cremers (2015) proposed a direct monocular SLAM
based on a unified omnidirectional camera model. It
was an extension of their previous LSD-SLAM (Engel,
Schops, and Cremers 2014), and it has superior per-
formance on the accuracy of localization and robust-
ness to strong rotational movement. In the work of
Matsuki et al. (2018), the authors also designed
a direct monocular SLAM system, which is an exten-
sion of the DSO system (Engel, Koltun, and Cremers
2017) and integrates the unified camera model pro-
posed in (Caruso, Engel, and Cremers 2015). Y. Wang
et al. (2018) proposed a feature-based SLAM system,
termed Cubemap-SLAM, based on the cubic projec-
tion of fisheye images. In this work, the cubemap
model has been embedded into the ORB-SLAM. To
evaluate the impact of large FOV cameras, Zhang et al.
(2016) conducted a series of tests by using both indoor
and outdoor datasets, and their evaluation reveals that
the reconstruction accuracy also depends on the envir-
onment, and large FOV cameras tend to improve
performance in indoor scenes.

Spherical cameras can further extend the FOV of
fisheye cameras, and they have been widely used for
data acquisition in MMS systems (Anguelov et al.
2010; Torii, Havlena, and Pajdla 2009). Tardif,
Pavlidis, and Daniilidis (2008) proposed a feature-
based SLAM workflow that only estimates the pose
of the latest image without the execution of BA opti-
mization. The core idea is to decouple the problem of
pose recovery into rotation estimation from epipolar
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geometry and translation estimation using 3D-2D cor-
respondences. Urban and Hinz (2016) extended the
ORB-SLAM (Mur-Artal and Tardos 2017; Mur-Artal,
Montiel, and Tardos 2015) system into a multi-fisheye
omnidirectional SLAM system, termed MultiCol-
SLAM, which supports the arbitrary rigidly coupled
multi-camera systems. In Ji et al. (2020), a fisheye
calibration model has been designed and used for
multiple fisheye camera rigs, as shown in Figure 15(a),
and a feature-based SLAM, termed PAN-SLAM, has
been proposed based on well-designed strategies for
initialization, feature matching and tracking, and loop
detection. The tests demonstrate the validation of the
proposed SLAM system.

In recent years, spherical images captured by dual-
fisheye cameras are becoming more and more popu-
lar, which promotes the development of panoramic
SLAM systems (Huang and Yeung 2022; Im et al.
2016; Sumikura, Shibuya, and Sakurada 2019; Zhang
and Huang 2021). Sumikura, Shibuya, and Sakurada
(2019) designed a versatile visual SLAM, termed
OpenVSLAM, which implements perspective, fisheye,
and spherical camera models and supports monocular,
stereo, and RGB-D cameras, as shown in Figure 15(b).
In addition, the authors provided an indoor bench-
mark for performance evaluation (Chappellet et al.
2021). Zhang and Huang (2021) investigated varying
feature detection and description techniques, includ-
ing SPHORB and SSIFT, and compared their perfor-
mance in spherical image orientation based on SLAM.
Recently, Huang and Yeung (2022) implemented
a direct SLAM system that extends DSO (Direct
Sparse Odometry) with the spherical camera model
to process equirectangular images. Table 7 presents
a list of open-source SLAM software packages. The
same finding can be made as for SfM-based methods
that few SLAM systems support full spherical cameras.

2.5. Dense matching

Dense matching aims to establish pixel-wise corre-
spondences and generate point clouds from SfM or
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Figure 15. The visual SLAM systems based on (a) The multi-fisheye camera rig (Ji et al. 2020) and (b) The full spherical camera

(Sumikura, Shibuya, and Sakurada 2019).

Table 7. A list of open-source SLAM software packages.

Name Language Year

Website Spherical camera

ORB-SLAM3 C++ 2021

https://github.com/UZ-SLAMLab/ORB_SLAM3 X

A SLAM system that supports perspective and fisheye cameras and can be embedded with monocular, stereo, and

RGBD cameras Campos et al. (2021).
OpenVSLAM C++ 2019

https://github.com/xdspacelab/openvslam V

A visual SLAM system that supports various camera models, including perspective, fisheye, and spherical cameras

Sumikura, Shibuya, and Sakurada (2019).
Cubemap-SLAM C++ 2018

https://github.com/nkwangyh/CubemapSLAM X

A visual SLAM system that converts fisheye images into perspective images and achieves image orientation based

on the ORB-SLAM Y. Wang et al. (2018).
DSO C++ 2017

https://github.com/JakobEngel/dso X

A direct sparse visual odometry that supports only perspective cameras Engel, Koltun, and Cremers (2017).

MultiCol-SLAM C++ 2016

https://github.com/urbste/MultiCol-SLAM X

A multi-fisheye SLAM that supports rigidly coupled multi-camera systems. It extends the ORB-SLAM and ORB-

SLAM2 systems Urban and Hinz (2016).
LSD-SLAM C++ 2014

https://github.com/tum-vision/Isd_slam X

A direct monocular SLAM system that enables real-time image orientation and semi-dense depth map generation

Engel, Schops, and Cremers (2014).

SLAM-based oriented images. According to the 3D
reconstruction pipeline shown in Figure 2, gener-
ated dense point clouds would be used to construct
detailed 3D models after point meshing and texture
mapping. Thus, the performance of dense matching
methods would determine the precision and com-
pleteness of the final 3D models. In the literature,
dense matching has been an extensively studied
topic with the arising of 3D reconstruction in
photogrammetry and computer vision. In addition
to traditional methods for perspective images,
recent years have witnessed increasingly reported
dense matching methods for spherical images.
Generally, this work can be grouped into single-
view depth prediction and multi-view stereo
matching.

2.5.1. Single-view depth prediction

Single-view depth prediction methods can process an
individual spherical image instead of pixel-wise corre-
spondence searching between images. In the literature,
single-view depth prediction methods are usually
implemented through learning-based CNN networks
(Albanis et al. 2021; Feng, Shum, and Morishima 2022;
Jang et al. 2022; Jin et al. 2020; Pintore et al. 2021),
which belong to a new research topic in the last five
years. As one of the earliest works, Albanis et al. (2021)
prepared and released a spherical training dataset with
ground-truth depth maps, as presented in Figure 16
(a). It can be used as the training dataset for depth
estimation networks for spherical images instead of
training on perspective datasets with sub-optimal per-
formance. Considering the correlation between depth
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Figure 16. Single view depth prediction for spherical images. (a) A prepared 360 dataset (Albanis et al. 2021); (b) Indoor depth

prediction from spherical images (Jin et al. 2020).

and geometric structure in indoor environments, Jin
et al. (2020) attempted to leverage existing geometric
structures, e.g. corners, boundaries, and planes, as
priors for network training or inferring these struc-
tures from generated depth estimation. The recon-
struction models are presented in Figure 16(b). For
indoor scenes, Pintore et al. (2021) suggested repre-
senting equirectangular images by using vertical slices
of the sphere, which partitions input images into ver-
tical slices. Based on the LSTM (long short-term mem-
ory), the authors designed a network called SliceNet
for depth estimation.

In contrast to indoor scenes, Feng, Shum, and
Morishima (2022) prepared the Depth360 dataset
and designed an end-to-end two-branch network,
termed SegFuse, for depth prediction of spherical
images. The core idea is to integrate the segmentation
of cubic-map images from one branch into the depth

estimation of equirectangular images from the other
branch.

2.5.2. Multi-view stereo matching

2.5.2.1. Existing method. Multi-view stereo match-
ing methods attempt to recover dense point clouds
from two or multiple oriented images based on SfM
and SLAM image orientation techniques (Furukawa
and Hernandez 2015). Existing methods can be
divided into two groups based on the strategies used.
For the first one, traditional hand-crafted methods are
on the one hand revised to adapt to spherical images.
In the work of (Pagani and Stricker 2011; Pagani et al.
2011), the PMVS (Patch-based Multi-view Stereo)
library was revised to directly process spherical images
for dense matching, and the results are shown in
Figure 17(a). For the second one, spherical images
are projected into cubic-map images, and traditional

Figure 17. Multi-view dense matching for spherical images. (a) Revised PMVS algorithm (Pagani et al. 2011); (b) Sphere sweeping
algorithm (Im et al. 2016); and (c) The finetuned CNN network (Jang et al. 2022).



1976 (%) S.JIANG ET AL.

hand-crafted algorithms and deep learning-based net-
works are adopted straightforward since they are
designed or trained for perspective images, e.g. hand-
crafted methods (Bleyer, Rhemann, and Rother 2011;
Hirschmuller 2007; Rothermel et al. 2012; Stereopsis
2010) and learning-based methods (Chang and Chen
2018; Khamis et al. 2018; Seki and Pollefeys 2017; Yao
et al. 2018, 2020). These two strategies can make use of
existing well-designed methods.

2.5.2.2. Redesigned method. For this category, algo-
rithms are designed and implemented from scratch
considering the characteristic of spherical images (da
Silveira and Jung 2019; Im et al. 2016; Kim and Hilton
2013; Meuleman et al. 2021; Wang et al. 2020). In Kim
and Hilton (2013), a full workflow was designed for
3D reconstruction of spherical image pairs, in which
a stereo matching algorithm was proposed based on
a partial differential equation (PDE), and the complete
3D scene was obtained by registering partial models.
Considering the power of the plane sweeping algo-
rithm, Im et al. (2016) proposed a sphere sweeping
algorithm based on the unified omnidirectional cam-
era model, in which virtual spheres were used instead
of virtual planes. Matching results are shown in
Figure 17(b). The algorithm was tested by using both
synthetic and real datasets. These methods can be seen
as mimics of the traditional dense matching algorithm
for perspective images.

Recently, CNN networks have also been adopted to
design multi-view stereo solutions. In the work of
Wang et al. (2020), a dual-camera imaging system
that consists of top and bottom cameras was designed,
which ensures that the epipolar lines of captured
images are vertically aligned. A polar angle layer was
added to a two-branch network for depth estimation,
which plays as additional input geometric information
to supervise model training. Jang et al. (2022) pro-
posed a complete solution for 3D reconstruction from
spherical images, including image orientation, epipo-
lar rectification, dense matching, and texture map-
ping. For dense matching, the authors adopted an
existing network that was retrained using a synthetic
dataset to learn spherical disparity and designed

Table 8. Method comparison for dense matching.

a spherical binoctree structure for depth map fusion.
The proposed solution achieves superior performance
when compared with traditional methods, as pre-
sented in Figure 17(c). In conclusion, dense matching
methods based on CNN networks attract attention in
recent years. This review would not cover all aspects in
this field. Based on the above-mentioned review,
Table 8 presents the comparison of varying dense
matching methods.

3. Applications

This section presents promising applications related to
spherical images. Due to the characteristics of full
FOV and low cost, spherical images have been used
widely in a variety of applications. According to the
purpose of this study, the reviewed applications would
be restricted to 3D reconstruction, including cultural
heritage documentation, urban modeling and naviga-
tion, tunnel mapping and inspection, and other appli-
cations, e.g. urban tree localization, emergency
response and rescue, and underwater occlusion
avoidance.

3.1. Cultural heritage documentation

Cultural heritage documentation (CHD) is the earliest
usage of spherical images, which can be dated back to
two centuries ago (Luhmann 2004). In contrast to the
large-scale acquisition required in aerial photogram-
metry, the scale of cultural heritage documentation is
much smaller but with serious occlusions, e.g. building
pillars and inner structures. It requires close-range
data acquisition with a large FOV to decrease human
labor and ensure completeness. When compared to
conventional aerial plane-based and recent UAV-
based photogrammetry, spherical images can be
recorded in a more flexible way, e.g. ground-fixed
tripods and hand-held poles, and have been widely
used for cultural heritage documentation.

In the field of photogrammetry and remote sensing
(Fangi 2007, 2010; Fangi and Nardinocchi 2013), have
made an earlier contribution to CHD by using sphe-
rical images. These research presents the basic

Category Methods

Advantages and disadvantages

Single-view depth prediction
et al. (2021)
Traditional methods
Pollefeys (2017); Yao et al. (2020)

Redesigned methods

(2022)

Albanis et al. (2021); Q. Feng, Shum, and Morishima
(2022); Jang et al. (2022); Jin et al. (2020); Pintore

Hand-crafted methods Hirschmuller (2007); Rothermel
et al. (2012); Stereopsis (2010) and learning-based
methods J. Chang and Chen (2018); Seki and

Stereo-view methods Meuleman et al. (2021); N. Wang
et al. (2020) and multi-view methods Jang et al.

Advantages: (1) avoid SfM and SLAM-based image
orientation.

Disadvantages: (1) do not use multi-view constraints.

Advantages: (1) make use of existing algorithms and
software packages; (2) be suitable for engineer usage.

Disadvantages: (1) cannot avoid the distortions or
require extra time costs for image projection.

Advantages: (1) adapt to spherical images; (2) make use
of the learning-based CNN network.

Disadvantages: (1) design special acquisition sensors,
and (2) labeled data for network training.




principle of the proposed spherical photogrammetry
(SP), i.e. the collinear equation of spherical imaging
and the coplanarity condition for image orientation.
By using two church architectures, this study verifies
the advantages of spherical images with the remark-
able efficiency of data acquisition, the completeness of
documentation, and the low economic cost compared
with other photogrammetric instruments.

With the explosive development of consumer-
grade spherical cameras, recent researchers have also
turned to adopting low-cost cameras for data acquisi-
tion and 3D reconstruction of CHD. For example,
Fangi et al. (2018) used a Panono 360 camera for the
image collection of two churches, which is a ball-
shaped camera that consists of 36 camera submodules
to record surrounding environments. This study ver-
ified the centimeter-level precision of dense point
clouds from SfM and MVS-based photogrammetric
processing. Barazzetti, Previtali, and Roncoroni
(2018) exploited a Xiaomi Mi Sphere 360 camera for
the precision assessment of 3D modeling. In this
study, a Leica TS30 total station has been used for an
in-site survey of ground control points (GCPs), and
two software packages, including Agisoft Metashape
and Pix4dMapper, have been evaluated. Experiments
demonstrate that millimeter-level accuracy has been
obtained in both image orientation and 3D recon-
struction by using GCPs and laser scanning point
clouds.

Because of the complex structure of cultural her-
itages, aerial and ground images have also been com-
bined to reconstruct complex cultural heritages.
Herban et al. (2022) combined low-altitude UAV
images and hand-held spherical images for 3D doc-
umentation of a bell tower. In this work, a DJI
Phantom 4 Pro UAV has been adopted for scanning
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external structures under a properly designed flight
trajectory, and two spherical cameras, i.e. the GoPro
Fusion and the Kandao Qoocam 8K, have been used
for scanning internal structures. Based on an SfM and
MVS-based processing solution, the reconstructed
3D model has high-quality details in the external
and internal of the complex bell tower. In contrast
to using consumer-grade spherical cameras, Zhao
(2022) conducted high-quality digital twin documen-
tation of a well-known town, Long Hu Gu Zhai at
Guangdong Province, China. This study uses profes-
sional Weiss AG Civetta spherical cameras for terres-
trial images with 230 megapixels resolution and
a UAV for along-street aerial images. By using the
Agisoft Metashape, 3D models were reconstructed
from aerial and terrestrial images, as presented in
Figure 18. The results demonstrate the potential of
aerial and ground images for the precision documen-
tation of complex buildings.

3.2. Urban modeling and navigation

Spherical cameras have been integrated with mobile
mapping systems (MMS) for urban street modeling
and navigation. The most famous application of sphe-
rical images comes from Google Street View, which
provides immersive navigation and observation along
urban streets. At the beginning of Google Street View,
collected street images have also been used for 3D
modeling of building facades in addition to image
navigation (Anguelov et al. 2010; Bruno and
Roncella 2019), as shown in Figure 19(a). Micusik
and Kosecka (2009) designed a unified framework to
reconstruct 3D models from spherical images cap-
tured from a Ladybug camera, in which bundle adjust-
ment free image orientation, piecewise planarity

(©)

Figure 18. Cultural heritage documentation by using aerial UAV images and terrestrial spherical images (Zhao 2022). (a) Data
acquisition based on the Weiss AG Civetta camera; (b) Image orientation of aerial-ground images; (c) Dense matching of building

inner structures; (d) 3D reconstruction of buildings.
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Figure 19. Urban modeling and navigation. (a) Mesh models from google street view (Anguelov et al. 2010); (b) 3D models from
spherical images (Kim and Hilton 2013); (c) Street object localization (Li et al. 2023).

constrained dense matching, and novel depth map
fusion were reported considering the characteristics
of low-texture, repetitive pattern, and large light
changes in urban streets.

In contrast to mesh-based 3D models, recent stu-
dies show well-formed wire-frame models recon-
structed from spherical images. Under the
Manhattan world assumption, Kim and Hilton
(2013) converted spherical images into cubic-map
representation and segmented urban scenes into pla-
nar structures under the constraints of image color,
and edge and normal information from MVS-based
depth maps, as presented in Figure 19(b). By using
street images and deep learning techniques, Xu et al.
(2022) designed a workflow for building detection and
height calculation and created 3D models for large-
scale urban scenes.

Due to the high image overlap of large FOV cam-
eras, spherical images have also been widely used to
achieve localization and navigation in complex urban
environments. Cheng et al. (2018) proposed a solution
for the large-scale localization of photos without geo-
tagged labels. In this study, 3D sparse models recon-
structed from street view images were used as the
reference data source, and a three-step algorithm was
designed for geo-localization, which includes image
retrieval-based coarse geo-localization, reliable feature
matching between the query image and retrieved can-
didate images, and the PnP (Perspective n Points)
based precise geo-localization. Instead of using low-
level features, Jayasuriya, Ranasinghe, and
Dissanayake (2020) turned to detect high-level seman-
tic information from spherical images, such as lamp
posts and street signs, which are detected based on
a retrained YOLO CNN network. To geo-localizing
interesting targets within urban scenes to assist vehicle
navigation, Li et al. (2023) proposed a line of bearing
(LOB) based positioning method for urban street
objects, e.g. road lamps, shown in Figure 19(c).

3.3. Tunnel mapping and inspection

Artificial tunnels are extensively used in daily life, e.g.
traffic tunnels and drainage pipes. Regular inspection
is essential to ensure normal functions and extend the
lifespans. In practice, the inspection work has been
widely achieved through labor-sensitive operators. In
recent years, with the advent of small-size spherical
cameras and the development of image processing
techniques, image-based inspection solutions have
also been presented and verified to achieve automatic
tunnel mapping and inspection (Leingartner et al.
2016).

In the work of Zhu et al. (2016), a low-cost and
flexible system has been designed to create a panorama
image of the traffic tunnels, in which SfM-based image
orientation and stitching-based image registration
techniques have been used under the constraint of
tunnel design data. This work verified the feasibility
of image-based mapping for tunnel in-field inspection.
Based on the rapid data acquisition ability of spherical
cameras, Janiszewski et al. (2022) designed an overall
framework for photogrammetric tunnel mapping. In
this work, an Insta360 Pro sphere camera integrating
six fisheye camera modules has been used to record
images with 4000 by 3000 pixels. During data acquisi-
tion, the spherical camera was installed on a tripod to
image recording with long exposure times. For quality
verification, point clouds were also collected by using
a Riegl VZ-400i TLS scanner. Experimental results
demonstrate that the reconstructed tunnel models
can achieve millimeter level precision when compared
with TLS point clouds, as presented in Figure 20(a).

In contrast to large-size tunnel mapping, small-size
gas and drainage pipes are the other typical inspection
scenes that require the full FOV acquisition ability of
a spherical camera due to the limited space in these
pipes. In the work of Zhang et al. (2019), drainage pipe
inspection has been implemented by using low-cost
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Figure 20. Tunnel mapping and inspection. (a) Mine tunnel mapping (Janiszewski et al. 2022); (b) Drainage pipe inspection (Guo

et al. 2022).

GoPro Fusion video cameras. Key frames were
extracted from recorded videos and converted to
cubic-map images, then used to reconstruct 3D mod-
els based on typical SfM and MVS-based solutions.
For the inspection of drainage pipes with minimal
space, Fang et al. (2022) designed a pipeline capsule
machine (PCM), as presented in Figure 20(b), which
mainly consists of a large FOV camera, a LED (light-
emitting diode) lighting instrument, and a power sup-
ply module. The PCM sensor can record images with
the flow of water, which are further used for crack and
erosion detection based on deep learning-based meth-
ods (Guo et al. 2022).

Similarly, for the inspection of gas pipes, Karkoub,
Bouhali, and Sheharyar (2020) designed an inspection
robot that is equipped with a catadioptric camera for
spherical image collection. Unlike the PCM, depend-
ing on flowing water, the inspection robot can operate
on other pipes since it uses wheels for forward moving.
In a word, spherical cameras have good advantages for
tunnel mapping and inspection due to the low cost of
sensors and the limited space of tunnels.

3.4. Other applications

In recent years, spherical images have also been used
in other applications, e.g. emergency response and
rescue, urban tree detection and mapping, collision
avoidance of underwater vehicles. Jhan, Kerle, and
Rau (2022) designed an integrated system for rapid
data acquisition and damaged building inspection.

This work took advantage of low-altitude UAVs and
ground backpack MMSs to collect aerial-ground
images and validate the integration of aerial-ground
images for the full 3D reconstruction of urban build-
ings to boost the observation completeness.

Tree number, location, and structure are critical
for the precision management of vegetation
resources. Although conventional aerial photogram-
metry and LiDAR (Light Detection and Ranging) can
provide large-scale RS data, they suffer serious occlu-
sions of urban scenes and cannot achieve accurate
measurements of street trees. Considering these
issues, Itakura and Hosoi (2020) proposed using
spherical cameras for the 3D modeling and para-
meter calculation of urban trees. In this study, 3D
models were reconstructed based on SfM, which were
further processed to extract individual trees, as
shown in Figure 21(a). Based on the 3D models,
some useful parameters, such as trunk diameter and
tree height, can be then calculated. Similarly,
Lumnitz et al. (2021) adopted a deep learning net-
work for individual tree detection from urban street
images and depended on the single-view depth esti-
mation and triangulation techniques to calculate the
precise tree geo-localization.

The underwater image collection is a frequent task
for marine exploration, which has been completed by
using autonomous underwater vehicles. Acoustic
sensors are widely utilized instruments for obstacle
avoidance. However, they cannot work well at a close
range. In the work of Ochoa et al. (2022), an obstacle



1980 (&) S.JIANG ET AL.

detection instrument has been designed by using
a spherical camera, which can generate real-time
point clouds from a visual SLAM system and assist
the autonomous obstacle detection, as presented in
Figure 21(b).

4. Prospects

3D reconstruction from spherical images has been
greatly promoted by the development of professional
and consumer-grade cameras and automatic image
processing techniques, as well as their increasing usage
in varying fields. Compared with classical perspective
images, there still exist some challenges for 3D recon-
struction based on spherical images, which can be cate-
gorized as exploitation of crowdsource image, spatial
resolution of spherical image, camera distortion and
calibration, and integration of aerial-ground image.
The details are presented in the following subsections.
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Figure 22. Crowdsource images from google street views.
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Figure 21. Spherical cameras for (a) Urban tree detection (Itakura and Hosoi 2020) and (b) Obstacle avoidance of underwater
vehicles (Ochoa et al. 2022).

4.1. Exploitation of crowdsource image

In recent years, spherical images can be easily recorded
based on low-cost and easy-to-use spherical cameras, as
presented in Figure 4. Besides, spherical images can also
be downloaded from well-known map providers, e.g.
Google Maps and Tencent Maps. These crowdsource
images are usually freely provided for noncommercial
usage, which plays a critical role in spherical image-
based applications (Biljecki and Ito 2021). However, 3D
reconstruction based on these crowdsource images is
non-trivial for two main reasons. On the one hand, the
diversity of crowdsource images is very large, which can
be recorded by using professional or consumer-grade
cameras, and obtained from indoor or outdoor scenes,
as shown in Figure 22; on the other hand, the overlap
degree of crowdsource images can not be ensured since
they are captured by nonprofessional users or just for
the visual navigation purpose. These factors can fre-
quently cause the failure of 3D reconstruction.




Crowdsource images still have great potential in
3D reconstruction, especially for urban buildings,
although they have the above-mentioned draw-
backs. There are some possible solutions to exploit
the potential of freely available crowdsource
images. First, image classification methods can be
used to separate indoor and outdoor images, e.g.
recent deep learning-based networks. The classified
images can be used for subsequent indoor or out-
door 3D modeling. Second, existing crowdsource
images can be useful compensation from the street
viewpoints, such as for UAV images from aerial
viewpoints. In this situation, crowdsource images
could be registered to the reconstructed 3D models
from UAV images, avoiding the requirement of
high overlap degrees in image-based 3D
reconstruction.

4.2. Spatial resolution of spherical image

Spherical cameras record the 360° by 180° of sur-
rounding environments using only one shot, which
dramatically accelerates data acquisition. However,
because of the limited CCD (Charge Coupled
Device) dimensions of cameras, the spatial resolution
of collected images is also obviously decreased when
compared with classical perspective cameras with
images of the same CCD dimensions. The spatial
resolution causes a contradiction between the effi-
ciency of data acquisition and the quality of the recon-
structed model.

¢ The efficiency of data acquisitions. Much more
time would be consumed to record images with
higher resolutions to ensure the enough camera
exposure time. For example, a Weiss AG Civetta
spherical camera can record images with
a dimension of 230 M pixels as it uses a rotation
lens to scan surrounding scenes. This camera,
however, can only be installed on a ground-
fixed tripod since it consumes 40 seconds for
each camera exposure.

GEO-SPATIAL INFORMATION SCIENCE . 1981

e The quality of reconstructed models. The con-
sumer-grade cameras usually consist of two or
more dioptric camera modules, such as the
Theta X camera with two lenses. This design
model decreases the time costs consumed in out-
door data acquisition. However, they sacrifice the
spatial resolution of recorded images, which can
further reduce the quality of reconstructed
models.

In order to increase the spatial resolution of spherical
images, two possible solutions can be implemented
without sacrificing the efficiency of data acquisition.
On the one hand, more cameras can be integrated into
one spherical camera as the spherical image is the
fusion of images from these camera modules. This
strategy has been widely used in recent spherical cam-
eras, such as the Ladybug 5+ with six cameras and the
Panono with 36 cameras; on the other hand, high-
speed imaging could be a promising technology. It
does not increase the size and weight of spherical
cameras, and it decreases the time costs for recording
high-resolution images (Feng et al. 2016).

4.3. Camera distortion and calibration

Serious geometric distortions exist in spherical images.
On the one hand, the individual camera module has
imaging geometric distortions; on the other hand,
generating the spherical image would also introduce
distortions. Especially for consumer-grade cameras,
such as Ricoh Theta X and Insta360 Sphere, these
cameras project multiple images from each camera
onto a sphere and generate the ERP format spherical
images.

Generally, an ideal unit sphere camera model is
used in the generation of the ERP format, as illustrated
in Figure 11(c), including the well-known commercial
and open-source software packages Agisoft
Metashape, Pix4Dmapper, and OpenMVG. This pro-
jection would introduce distortions and cause errors
in 3D reconstruction. Figure 23 presents a comparison
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Figure 23. The illustration of dense matching point clouds from (a) A consumer-grade camera; and (b) A professional camera.
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of 3D models reconstructed from consumer-grade and
professional spherical images. It is clearly shown that
the point clouds in Figure 23(a) are very coarse, even
on the plain wall. On the contrary, the point clouds
generated using the professional camera are more
accurate, from which the text is very clear. Therefore,
camera calibration should be seriously considered and
executed for spherical images to improve the quality of
reconstructed models.

4.4. Integration of aerial-ground image

Although spherical cameras can record 360° by 180° of
surrounding environments, their effective observation
range is still limited to the near-ground region. In order
to obtain complete reconstruction, aerial images must be
integrated with ground spherical images. In the litera-
ture, there are valuable attempts for the integration of
aerial-ground images in the context of 3D reconstruc-
tion, which can be roughly divided into 2D image-based
methods and 3D point cloud-based methods (Gao et al.
2018).

¢ 2D image-based methods. These methods aim
to establish reliable correspondence between
aerial and ground images and implement com-
bined bundle adjustment by using both aerial
and ground images. The commonly used stra-
tegies are image rectification and virtual ren-
dering. The former aims to rectify aerial and
ground images onto the same plane in the
object space (Wu et al. 2018); the latter utilizes
the rough POS (Positioning and Orientation
System) data of ground images and render vir-
tual images from the 3D models reconstructed
from aerial images (Zhu et al. 2020). The core
idea of these methods is to decrease the geo-
metric distortion caused by large viewpoints.
However, for spherical images, their camera
imaging model differs from the conventional
perspective model. Thus, further consideration
should be paid.

¢ 3D point cloud-based methods. The core idea is
to create 3D models separately from aerial and
ground images and find reliable enough common
3D correspondences from these 3D models. The
integration problem is then converted into the
registration of 3D point clouds (Gao et al. 2018).
However, for spherical images, two issues should
be considered. On the one hand, the trajectory of
spherical images is limited by the structure of
urban streets, which causes large accumulate drift
in SfM or SLAM-based image orientation. Thus, it
may be hard to model the registration between 3D
point clouds by using the commonly used similar-
ity transformation; on the other hand, as shown in
Figure 23, the reconstructed models of spherical

images may contain many false 3D points due to
camera distortions. Finding reliable correspon-
dences becomes a non-trivial task between 3D
point clouds created from varying images.

For the first issue, the recent deep learning-based
technique can be used to achieve reliable feature detec-
tion and matching. Especially for decreasing the pro-
jection  distortions, the DCN (deformable
convolutional network) (Zhu et al. 2019) based net-
work can be a promising technique to achieve view-
point invariant feature detection, and the GCN (graph
convolutional network) based network, e.g. SuperGlue
(Sarlin et al. 2020), can exploit the context information
to execute reliable feature matching. For the second
issue, the large image orientation problem can be
divided into some clusters based on the street struc-
tures, and the accumulated drift can be decreased. This
divide-and-conquer strategy has been used for effi-
cient and accurate 3D reconstruction of UAV images
(Jiang et al. 2022).

5. Conclusions

Spherical images can record all surrounding environ-
ments by using one camera exposure. In contrast to
perspective images with limited FOV, spherical images
can cover the whole scene and have been increasingly
used for 3D modeling in street-view and indoor envir-
onments. This paper reviews the 3D reconstruction
from spherical images in terms of data acquisition,
image matching, image orientation, and dense match-
ing to wrap up recent techniques of 3D modeling
based on spherical images. It also presents promising
3D reconstruction applications, including cultural
heritage documentation, urban modeling and naviga-
tion, tunnel mapping and inspection, and other appli-
cations, e.g. urban tree localization, emergency
response and rescue, and underwater collision avoid-
ance. Finally, the main prospects are discussed in
terms of the exploitation of crowdsource images, the
spatial resolution of spherical images, camera distor-
tion and calibration, and integration of aerial-ground
images. According to this review, we can conclude that
spherical images have great potential in the 3D recon-
struction of street view and indoor scenes, and con-
temporary techniques can support their applications.
Future studies can increase the spatial resolution of
spherical cameras for data acquisition and exploit
current deep learning-based methods to optimize the
3D reconstruction workflow.
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