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Abstract— Despite the utility and benefits of omnidirectional
images in robotics and automotive applications, there are no
datasets of omnidirectional images available with semantic
segmentation, depth map, and dynamic properties. This is due
to the time cost and human effort required to annotate ground
truth images. This paper presents a framework for generating
omnidirectional images using images that are acquired from
a virtual environment. For this purpose, we demonstrate the
relevance of the proposed framework on two well-known simulators: CARLA Simulator, which is an open-source simulator
for autonomous driving research, and Grand Theft Auto V
(GTA V), which is a very high quality video game. We explain in
details the generated OmniScape dataset, which includes stereo
fisheye and catadioptric images acquired from the two front
sides of a motorcycle, including semantic segmentation, depth
map, intrinsic parameters of the cameras and the dynamic
parameters of the motorcycle. It is worth noting that the case
of two-wheeled vehicles is more challenging than cars due to
the specific dynamic of these vehicles.

I. I NTRODUCTION
Perceiving and understanding the environment is an essential task for a mobile robot or an autonomous vehicle. One
of the main issues for the development of these vehicles
is the existence of datasets. Among the datasets of pinhole
camera images dedicated to the development and study of
autonomous vehicles, mention may be made of KITTI [1],
Cityscape [2], Berkeley DeepDrive [3], CamVid [4] and
Mapillary Vistas Dataset [5]. Omnidirectional cameras can
perceive the surrounding environment with a field of view
that can reach 360°. For this reason, they are increasingly used in the field of intelligent vehicles, including
fisheye cameras due to their compactness and inexpensive
design. Several datasets contain fisheye images, such as
CVRG [6], LMS [7], LaFiDa [8], SVMIS [9], "Go Stanford" [10], GM-ATCI [11], and RTH Zurich multi-FoV synthetic datasets [12]. However, it is noted that there is a lack
of road scenes omnidirectional images datasets embedded in
a vehicle dedicated for computer vision applications. Recent
work on semantic segmentation of fisheye images of road
scenes had been performed on perspective images to which
a distortion simulating the fisheye effect is applied [13],
[14], [15]. Such deformation induces artefacts in the resulting
images. There is a growing need to generate more reliable
datasets of omnidirectional images, without the need to
go through simple image rectification. Much recent work,
especially in deep learning applied on spherical images,
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have been confirming the need of omnidirectional image
databases [16], [17], [18], [19], [20], [21], [22], [23].
In this paper, we propose a framework that can be applied to any simulator or virtual environment to generate
omnidirectional images. We present the data acquired from
a simulator and describe its use to generate omnidirectional
images. We present in detail two well-known types of
omnidirectional images, fisheye and catadioptric images. The
models can be computed from a calibrated camera, using a
large class of models proposed by Geyer and Daniilidis [24],
Barreto and Araujo [25], Mei and Rives [26] or Scaramuzza
et al. [27].
While the proposed framework is generic, we demonstrate
its relevance in two famous simulators: CARLA Simulator
and Grand Theft Auto V (GTA V). CARLA is an opensource simulator for urban autonomous driving. It gives the
possibility to generate datasets with several ground truth
modalities [28]. Grand Theft Auto V (GTA V) is a very
high quality AAA video game. Both simulators provide an
environment similar to real life, thanks to dynamic weather,
seasons, regulated road traffic, traffic lights, signaling, pedestrians, different types of vehicles, ... It is worth noting that
there is no support in these simulators or any other simulator for omnidirectional images, which makes the proposed
framework of great interest for researchers working on omnidirectional images in robotics and automotive applications.
We show the relevance of this work by releasing the
OmniScape dataset1 , which is a dataset of a motorised
two-wheeler in the aforementioned simulators. OmniScape
comprises stereo fisheye and stereo catadioptric images acquired from the two front sides of a motorcycle, with the
corresponding depth maps, semantic segmentation, intrinsic
parameters of the cameras and dynamic parameters of the
motorcycle, such as velocity, angular velocity, acceleration,
location and rotation. See Fig. 1. The OmniScape dataset will
be progressively augmented with more omnidirectional data
using the same principle with different vehicles, modalities
and environments. We have chosen to provide data enquired
from a motorcycle because motorcycles present challenging
problems that were not addressed before. Indeed, the dynamics of a motorcycle are totally different from the dynamics
of cars. As we know, a car is almost all the time parallel
to the road. In addition to the distortion in spherical or
omnidirectional images, motorcycles undergo rotations yaw,
pitch and roll on the three axes, which make the task even
harder, due to the inadaptability of classical methods to
changes of orientation without a particular learning.
1 https://github.com/ARSekkat/OmniScape

Fig. 1: Recording platform and a representation of the different modalities.

The remainder of this paper is organized as follows.
Next section provides a survey on work made using virtual
environments as a data source. Section 3 introduces the
proposed framework to generate omnidirectional images.
Section 4 presents the OmniScape dataset. Finally, Section
6 concludes the paper.
II. R ELATED W ORK
In the literature, there are several works conducted on
virtual environments for the development or validation of autonomous driving systems. Virtual environments have several
advantages, mainly the inexpensiveness to generate realistic
data, as well as the variety of the nature of the data that can
be generated, such as depth maps, semantic segmentation or
details of the dynamic properties of the vehicle. These virtual
environments allow to simulate different sensors. We also
do not have to deal with the problem of data protection and
privacy of individuals. Currently several datasets were generated from virtual environments, such as SYNTHIA [29],
VEIS [30], and Playing for benchmark [31].
Thanks to advantages offered by the reverse engineering
and modding tools, several recent works have been carried
out on the generation of data from GTA V. We can mention
the method proposed by Doan et al. in [32] for generating
perspective images using a virtual camera with six degrees
of freedom. In [33], Richter et al. used GTA V to capture
pixel-by-pixel semantic segmentation using an open source
middleware called renderdoc between the game and the GPU.
In [34], Angus et al. also extracted semantic segmentation
images by changing the textures and shaders of the game in
the game files. Richter et al. generated in [31] a benchmark
of several data types from GTA V, all annotated with ground

truth data for low-level and high-level vision tasks, including
optical flow, instance segmentation, detection and objects
tracking, as well as visual odometry.
Johnson-Roberson et al. used in [35] synthetic data generated by GTA V, to show that state-of-the-art algorithms
trained only by this data, work better than if they are driven
on manually annotated real-world data when tested on the
KITTI dataset for vehicle detection. We can note that all
these works considered perspective images and, until now,
there is neither a dataset for omnidirectional images, nor
a dataset for motorcycles or any powered two-wheeler. The
present paper seeks to fill this gap, by proposing a framework
for omnidirectional data generation from a virtual environment, and generating specifically motorcycles datasets.
III. P ROPOSED F RAMEWORK
The proposed framework generates omnidirectional images from a virtual environment using 360° cubemap images.
To create 360° images, six images are extracted in the six
different directions. Using the appropriate omnidirectional
camera model, each pixel of the omnidirectional image can
be associated with a 3D direction on the unit sphere. We
then compute the cube that presents the six images under the
cubemap projection. Using ray tracing, we construct a lookup
table that stores correspondences between the omnidirectionnal image and the cubemap images. It corresponds to the
intersection of the 3D direction associated to each pixel in the
omnidirectional image with the cubemap images. Then we
just need to affect to each pixel in the omnidirectional image
the corresponding relevant information from the cubemap
image (RGB, depth or semantic segmentation), as sketched
in Fig. 2.

Fig. 2: Lookup table construction to set the omnidirectional image pixel values.

The parameters of the model are calculated from a calibrated camera. To generate omnidirectional images, the proposed framework can use well-known camera models, such
as the models proposed by Geyer and Daniilidis [24], Barreto
and Araujo [25], Mei and Rives [26] and Scaramuzza et
al. [27]. Without loss of generality, we detail in the following
the model proposed by Scaramuzza et al. in [27]. It is a
calibration model for omnidirectional cameras, considering
the omnidirectional imaging system as a compact and unique
system composed by a pinhole camera and a mirror. It allows
to compute the intrinsic parameters of the omnidirectional
camera. This means that it provides the relation between a
given 2D pixel and the corresponding 3D vector, from the
point of view of the unit sphere, as illustrated in Fig. 3. Let
(u, v) be the metric coordinates of a pixel p with respect to
the center of the omnidirectional image, and (x, y, z) those
of the corresponding 3D vector P , according to
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with w = u2 + v 2 . Within this model, the function f (w)
is considered to be a polynomial function, namely of the
following form
f (w) = a0 + a1 w + a2 w2 + a3 w3 + a4 w4 + ...

(2)

The calibration parameters ai are estimated by the leastsquares method on data acquired with a real camera, as
described in [36].
Since the above model is general for omnidirectional
images, not just fisheye images, we use the same method
to generate also catadioptric images. We mean by catadioptric images, in this paper, the images taken by a camera
composed by a pinhole camera (perspective camera) and a
hyperboloidal mirror [24], [26]. The catadioptric images we
generate in this work are made in a way that includes all

Fig. 3: The omnidirectional camera model proposed in [27].

Fig. 4: Mapping of the six images in the fisheye (left) and
catadioptric (right) images.

directions of the road in the images, which means that the
pinhole camera is on the top of the mirror or the contrary.
Fig. 4 shows the mapping of the six images in the fisheye
images and the catadioptric images. The colors red, orange,
yellow, blue, green and purple represent respectively the six
sides, front, back, left, right, up and down.
The computational cost to render one omnidirectional
frame does not exceed 4.6ms on Ubuntu 18.04.3 64-bit
running on an Intel Core i7-8750H CPU @ 2.20GHz.

Fisheye images

Catadioptric images

(a) RGB left image.

(b) RGB right image.

(c) RGB left image.

(d) RGB right image.

(e) Semantic segm. left image.

(f) Semantic segm. right image.

(g) Semantic segm. left image.

(h) Semantic segm. right image.

(i) Depth map left image.

(j) Depth map right image.

(k) Depth map left image.

(l) Depth map right image.

Fig. 5: Examples of fisheye (left panel) and catadioptric (right panel) images generated from a single capture.

IV. O MNI S CAPE DATASET
The OmniScape2 dataset contains, for each capture, fisheye and catadioptric stereo RGB images from the two front
sides of a motorcycle, with semantic segmentation and depth
map ground truth, as well as the dynamics of the vehicle with
its velocity, angular velocity, acceleration and orientation.
See Fig. 1 for an overview. The OmniScape dataset will be
progressively augmented with more omnidirectional data using the described framework with different vehicles, modalities and environments. The dataset contains data generated
from GTA V and CARLA, and can be extended to other
simulators. However, due to space limitation, we present in
the following data extracted only from CARLA.
2 https://github.com/ARSekkat/OmniScape

For more insights on the extraction of data from GTA V,
we refer the interested reader to our previous work [37].
To generate the images, we used 5 towns available in
CARLA Simulator. An example of images generated from
a single capture is given in Fig. 5. The RGB images are
available for 14 different weather conditions and time of
the day and this for each capture. Fig. 6 shows an example
of a capture with 4 different weather conditions in fisheye
and catadioptric. CARLA Simulator gives a semantic segmentation into 13 classes, namely Building, Fence, Other,
Pedestrian, Pole, Road line, Road, Sidewalk, Vegetation,
Vehicle, Wall, Traffic sign, Unlabeled. Fig. 7 shows the
distribution of pixel of all images in the dataset for both
fisheye images and catadioptric images.

Default

Hard rain sunset

Fig. 7: Percentage of pixels representing each class in the
dataset for both fisheye and catadioptric images.

V. C ONCLUSION

Soft rain noon

Clear noon

Fig. 6: Examples of fisheye and catadioptric images generated from a single capture with four different weather conditions and time. The motorcycle in this capture undergoes
rotations.
TABLE I: Statistics concerning the dynamics (yaw, pitch and
roll, in degrees) of the motorcycle in a tested route
mean

std

min

median

max

Yaw

1.15

110.54

-179.99

0.85

179.99

Pitch

-0.15

1.75

-10.26

-0.07

18.94

Roll

0.14

3.62

-24.83

0.00

25.91

In complement to these omnidirectional images, the OmniScape dataset contains also the dynamics of the vehicle at
each capture, such as velocity, angular velocity, acceleration
and orientation. As we explained before, the case of twowheelers is more challenging because of the dynamics of
these vehicles. We computed statistics concerning these
dynamics in CARLA Simulator. As presented in TABLE I,
we can see that the roll and the pitch change considerably.
These alterations will surely affect classical tasks such as
visual odometry and semantic segmentation. This is due to
the fact that most computer vision and machine learning tasks
are often trained on perspective data acquired with cars as
autonomous vehicles, while these vehicles do not suffer from
modifications in these dynamics.
In complement to the images given in this paper, more
examples from CARLA Simulator and GTA V can be found
in OmniScape GitHub.

This paper presented a general framework to generate
datasets of omnidirectional images from virtual environments, and provided the OmniScape dataset. We demonstrated the relevance of this framework by generating fisheye
and catadioptric images with depth map, semantic segmentation and dynamic parameters. Two simulators were
investigated with success, GTA V and open-source CARLA
Simulator.
There are many possible extensions to this application,
including the generation of other types of datasets, using
different types of omnidirectional camera models and different vehicles like drones. These datasets can be used as
evaluation credentials for different vision and deep learning
applications, whose algorithms applied to perspective images
have limited performance on omnidirectional images. A wide
variety of applications include Simultaneous Localization
And Mapping (SLAM), visual odometry, depth estimation,
object recognition and classification, detection and tracking.
Moreover, they can also be used to evaluate or even train
semantic segmentation algorithms developed for omnidirectional images.
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