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Abstract
Recent advances in artificial intelligence open the door to the development of self-aware robots, capable of
autonomous and proactive perception, action and adaptation in dynamic environments. In particular, the current
state of the art allows to equipe a robot with motion and path planning routines, pre-trained modern models
to detect and recognize objects and pre-trained models for text and language analysis. Such a robot might be
defined as an AI agent with minimal knowledge of itself and the world.

This paper mainly illustrates the current progress within the PNRR CAESAR Project with regard to the
development of computer vision techniques for autonomous robotics. The goal is to understand how omnidirec-
tional vision techniques can be used to increase over time the robot’s knowledge of both the environment in
which it operates and its limited interaction capabilities, allowing the emergence of self-aware behaviors. This is
achieved through continuous exploration and learning of the unknown environment to adapt/expand the robot’s
knowledge based on accumulated experiences.
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1. Introduction

Although AI is fastening the automation of several tasks, there are limitations in the development of AI
agents aware both of their surroundings and of their own capabilities. This yields to the implementation
of ad-hoc solutions in practical scenarios and poses several challenges when the robots must operate in
dynamic environments, a scenario which, to date, constitutes one of the main pillars of the EU research
programme.

Furthermore, new regulations impose explainability requirements for automated decision-making.
Explainability and self-awareness of agents represent the future of robot development and will impact
their social acceptance, being the basis of user trust.

In this context, the PNRR CAESAR project has two main objectives:

• Implement AI methods that support the agent’s capabilities to generate self-aware behaviors.
• Investigate techniques that allow the agent to explain its motivations and actions.

To reach this goal, computer vision techniques for scene understanding and object perception with
minimal apriori knowledge are required. Our main goal is the development of techniques for visual
exploration of unknown areas to support visual planning, navigation, and object perception by taking
advantage of spherical cameras and epipolar geometry of the scene. By visual and spatial exploration
of the environment, the robot can infer what it can/cannot do also considering its body (i.e., which
objects the robot can reach considering its height or what the robot cannot pick up considering the
strength of its arms). In practice, the robot learns to adapt models of the scene and of its own interaction
capabilities, and accumulates self-conscious knowledge.

The peculiar choice in the development of this project is the focus on spherical cameras. Indeed, in
our previous study [1], we have shown that the geometry of spherical cameras can be used to infer the
distance of objects from the camera in an exact way with minimal knowledge about the camera height.
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The project activities build on these results, taking into account the need to consider the changes in
camera pose over time caused, for instance, by the movement of the robot in the scene. To gain a better
understanding of the environment, we have systematically studied the use and adaptation of depth
estimation models to automatically derive information about the scene. Finally, we are also working on
object perception starting from limited a priori knowledge.

2. Related Work

Based on the literature [2, 3], AI agents become self-conscious by providing them with the ability to
explore the world through movement or visual perception.

Embodied visual exploration [4] and object finding/navigation [5] require fundamental perception
and navigation capabilities, which benefit from first-person representations of the world. First-person
representations are linked with the agent’s self-awareness while performing actions [6] and can be
made easier by adopting omnidirectional/spherical cameras onboard the robot.

In past works [7, 8, 9, 10], omnidirectional cameras were mounted on robots or deployed in the
environment to capture information about the scene and improve robot navigation. The adopted
omnidirectional cameras consisted of a traditional video camera that recorded the scene reflected on a
mirror of known shape. This last information was used to correct the distortion and reconstruct the
scene. These types of cameras are not exactly 360° cameras because it is impossible to film everything
above the mirror, and for this reason the cameras were placed high on the robot. Nevertheless, in several
works these cameras are used for robot navigation. For instance, in [9], an agent uses images captured
by omnidirectional cameras to learn how to navigate a mobile robot in its working environment. The
work applies reinforcement learning techniques to develop a totally autonomous system. In [7], the
work is extended using a network of calibrated omnidirectional cameras to have a complete view of the
robot’s surroundings.

In our research, we mounted a 360° camera on top of the robot to collect spherical images of its
surroundings, and avoiding dealing with a camera network. The robot will use information derived
from the spherical vision system to refine its location in the environment and to gather awareness
about its capabilities. Only recently spherical cameras are starting to be used in robotics. In [11] a
guiding robot using 360° cameras is proposed. The robot aims to bring people to and from specific
places within the environment. The robot detects and tracks the people it is guiding, trying to never lose
sight of them. This is a very recent work indicating the potentialities of 360° cameras for service robots.
Several works show that pedestrian detection and tracking can be facilitated by using equirectangular
images. In [12, 13], images from the spherical camera are used to simulate virtual PTZ cameras, which
allows not only testing the algorithms for PTZ cameras (which are known to suffer from the problem of
reproducibility of experimental results [14] ) but also to track pedestrians by combining particle filtering
and Camshift algorithms in [13] or by predicting the movements of the target through a motion model
based on a deep neural network [12] . In [15], spherical images were used to develop a multi-object
tracker that uses estimates of the object distance from the camera [1] to track pedestrians on the
ground-plane. Knowledge of the distances of pedestrians to the camera has been used successfully
to human activity understanding, for example to detect whether or not a person is within an area of
interest [16, 17].

However, at our best knowledge, no work deals with the use of spherical cameras in a mobile setting,
which introduces new issues such as the need to stabilize captured videos and account for camera pose
changes. These issues are relevant when using spherical cameras on-board robotic platforms.

3. Smart Spherical Cameras and Spherical Vision

A vision system integrates software and hardware technologies and methods to provide image analysis
in specific fields of application. In a spherical vision system the analyzed images are spherical and
acquired by 360° cameras. To ensure real-time image processing, the vision system is independent of



Figure 1: Example of equirectangular image (on the left) and planar projections (on the right). The camera was
mounted on top of the scene.

the robot, i.e. image processing does not consume the robot’s computational resources. The vision
system enhances the spherical cameras with software that makes the camera intelligent in the sense
that the software will allow the extraction of information useful for the robot to perform a specific task.

A spherical image is stored as a rectangular multichannel array (like traditional images) by mapping
the sphere to a rectangle via an equirectangular projection [1] An example of an equirectangular image
is shown in Fig. 1.

As shown in Fig. 1, the equirectangular image captures the entire scene with one shot. Analysis
of the environment can be done, for instance, by processing the equirectangular image. Due to the
projection used, the areas of the scene are represented in the equirectangular image with different
resolutions, i.e. there are more pixels available to represent the areas around the poles of the sphere
and the projection introduces distortions into these areas. Spherical views are continuous, but the
equirectangular projection cuts the sphere along a meridian to map the spherical surface into a rectangle.
There is therefore a form of circularity in the resulting projected image. Thus, it is sometimes more
convenient to use planar projections of the image to deal with these issues [13, 12].

The circularity of the equirectangular image, the non-uniform distribution of the resolution with
which the details of the scene are represented, the deformation and the high dimensionality of the
equirectangular images are all aspects to be considered in the analysis of such images.

3.1. Understanding the Camera-Scene Geometry

In [1], 3D information of points on the ground can be easily recovered by pure geometry under simple
assumptions. In particular, the method assumes that the camera is in a canonical pose, namely the
acquired images are gravity-aligned, and the height ℎ𝑐 of the camera is known. Under these assumptions,
the method exploits the fact that, as a result of the acquisition and projection processes, all the points
of the 3D world equidistant from the camera and belonging to a plane parallel to the ground are
projected onto the same horizontal line in the equirectangular image. Therefore, given a point 𝑃 on the
equirectangular image, there is a mathematical relationship between the image line on which the point
𝑃 lies and the distance of the corresponding point 𝑃𝑤 in 3D world coordinates from the camera. This
fact has been exploited for pedestrian tracking and activity understanding [16, 17, 15].

However, when the camera is mounted on top of the robot, for instance on the head of an anthro-
pomorphic robot such as the Pepper robot, and more in general in a mobile setting, additional image
processing techniques are required. For example, since the robot is moving, the assumption that the
camera plane is horizontal to the ground plane may not be satisfied. More in general, any assumption
on the camera pose can be problematic and may lead to inaccuracy of the results.

Within the CAESAR project, we developed methods for spherical camera pose estimation and



Figure 2: Examples of depth maps estimated from a gravity aligned image (top line) and an image acquired
with a rotated camera (bottom line) using [19].

epipolar geometry exploitation to enhance the use of spherical cameras in mobile settings. In particular,
we developed numerical methods capable of recovering extrinsic camera parameters from minimal
knowledge of the scene.

3.2. Depth estimation from 360° images

Within the CAESAR project, we have the goal of implementing computer vision methods to help
the robot gather knowledge about the spatial layout of the environment and enable self-perception,
enhancing a first-person representation of its capabilities/limits.

To this end, we focused on depth estimation models from spherical images [18, 19, 20, 21, 22] in order
to support the robot in immersive navigation and understanding of the scene. As already mentioned,
the spherical camera integrated on the robotic platform can undergo variations in the camera pose.
Thus, our first task was to study how such variations in the camera pose affect the performance of depth
estimation models. In this sense, we conducted a systematic and reproducible study of the robustness
of depth estimation models from equirectangular images. Our study showed that:

• Perspective-based models, such as [18], are designed to handle planar images and can hardly be
effective on equirectangular images, even when using cubemap reprojection techniques;

• Spherical-based models, such as [19, 20, 21, 22], although specifically designed to process equirect-
angular images, they are only able to handle gravity-aligned images to a certain extent and are
sensitive to changes in camera orientation.

Fig. 2 shows examples of depth maps estimated from a gravity aligned image (top line) and an image
acquired with a rotated camera (bottom line). The depth maps are obtained by using the model [19].

Our results highlight the need to account for camera pose variations in depth estimation models for
equirectangular images. We are currently investigating the design of an encoder-decoder architecture
to estimate camera pose-invariant depth maps.

3.3. Unknown Object Detection

Within the CAESAR Project, the robot is equipped with an initial knowledge base that includes pre-
trained object detection models. It is well-known that these models are generally trained on a limited
set of categories. Models trained on the COCO-dataset can recognize among 80 categories, while
ImageNet-21K includes 21,841 categories but it is not very much used for pre-training/training vision
models.



Considering that the robot should be able to work on unknown, dynamic environments, it is necessary
to deal with situations where unknown objects or out-of-distribution objects are in the environment.
Withing the CAESAR Project, our main goal is that of devising a model that helps the robot to detect
objects that are in the scene. In practice, we are designing CNN-based models for class-agnostic object
detection. Post-processing techniques will then use prior knowledge or external information source to
help the robot understanding the class of the detected object and its functionality.

4. Conclusions and Future Work

This paper summarizes the development of computer vision algorithms and models to address new
problems in spherical signal processing and mobile robotics. Most of the presented work has been
carried on within the PNRR CAESAR Project. The findings of our research activities are of interest
in fields beyond mobile robotics. Indeed, the developed methods could be extended and be useful
for building other applications such as: the monitoring of large touristic environments or industrial
environments, in the retail field to enhance customer interactions, in the context of security and smart
cities to better patrol the city.
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