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Abstract—Robots have been successfully used in industry,
but they have to meet different requirements as they entered
everyday human life where they have to adapt to their immediate
environment. This presents a problem due to computational
limitations inherent to most robotic systems, which can be
successfully overcome through the use of cloud computing. This
paper lists some advantages of cloud robotics, the current status
of its development, and open issues. It further explores the
plausibility and possible benefits of using cloud robotics in
human-robot interaction and social robotics, making a case for
further research in the area.
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I. INTRODUCTION

Robots have a limited computational, storage and battery
capacity that hinder their application when they are expected
to react to their environment in real time. Computationally
heavy tasks cannot be successfully executed on a robot, or
the execution time is beyond the acceptable interval. With the
emergence of cloud computing, researchers started to offload
complex tasks from robots and autonomous systems to the
cloud [1]. The idea stems from the mid-90s and originated
with the work of Inaba [2], where robots had a radio-linked
remote brain still in the vicinity of the robot itself.

Online web robotics started with the availability of the
world wide web. The earliest works focused on tele-operation
via the Internet [3], further research was done on networked
robots with wireless sensor networks and on networked control
systems [4]. Benefits of distributed processing in networked
robotics along with challenges in communication and syn-
chronization were first described by McKee [5]. In 2010,
James Kuffner introduced the idea of cloud-enabled robots
[6], igniting the use of cloud technologies in robotics.

Researchers in Singapore constructed the DAvinCi frame-
work, the European Union started the RoboEarth project, and
the open-source Robot Operating System (ROS) further accel-
erated the development of cloud robotics. These systems offer
only additional functionality for robots, which correspond to
the concepts of Platform as a Service (PaaS) and Software
as a Service (SaaS). Du et al. on the other hand introduced
“Robot as a Service” by applying service-oriented architecture
for robots [7].

II. ADVANTAGES OF CLOUD ROBOTICS

The growth in the complexity of problems robots had to
face in research and application exposed an inherent limitation.
Solving computationally heavy problems is only possible with
the necessary hardware which results in complex robotic builds

that might be counterproductive to the robot’s task. A possible
solution is to use dedicated servers which alleviate the load
on robots. This realization fueled research on the use of cloud
computing in robotics with the goal to lower requirements on
robotic systems (see Fig. 1 for a general architecture). In the
following subsections, we discuss some of the advantages of
cloud robotics.
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Fig. 1.  Architecture of cloud robotics systems with the most common
applications listed [8]

A. Offloading computation

Cloud computing enables remote computation through
massively-parallel computation on demand [9]. Cloud services
were first used for web applications, but researchers are
increasingly using them for scientific and technical high-
performance computing (HPC) applications.

Apart from the implications to robotic system design, cloud
computing can speed up computationally-intensive robotics
and automation systems applications [10][11]. Rapyuta, the
RoboEarth cloud engine, allows computationally expensive
algorithms to run in the cloud. In [12], cloud computing was
used for sample-based statistical motion planning.

When offloading computational tasks to the cloud, network
latency and quality of service must be considered, which is
still an active area of research [10]. Remote task execution
requires the transfer of real-time sensitive data, what despite
the rapid development of wireless communication might still
cause network delays [8]. Therefore, an offloading of tasks
more related to the robot’s immediate actions, such as motion,
is still not plausible. Methods used for cloud robotics must also
be designed to degrade gracefully when cloud resources aren’t
available [10].
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B. Collective learning

Multi-robot systems are an essential field of robotics, and
cloud computing provides a suitable platform for networked
robots to share data, process information and facilitate machine
learning [1]. Through collective robot learning, the capabilities
of robots with more limited computational resources can be
enhanced [13], and the overall accuracy of the system can be
improved [8].

The “Lightning” framework uses cloud computing for par-
allel planning and trajectory adjustment [14]. The Ubiqui-
tous Networked Robot Platform manages distributed task
execution and supervision [15] by abstracting away from
the robotic hardware and offering a generic interface. The
MyRobots project envisions a social network for robots to
support collaboration. A small scale cloud infrastructure for
information sharing among networked robots was presented
in [16]. Communication protocols facilitating task offloading
and information sharing were proposed in [17]. Collective
learning environments for ubiquitous robots were described in
[18] and [19]. The Kiva automated Materials Handling System
supported collective learning for mobile platforms used to
move packages in warehouses [20].

C. Cloud-based knowledge-base

Most robots are equipped with cameras and sensors that
collect data supporting decision making. The volume of these
data makes it impossible to manage or sharc them among
multiple robots using only their onboard capacities [1]. Large
sets of data such as images, videos, maps, sensor networks, etc.
can further facilitate machine learning in robots. This has been
demonstrated mainly in the context of computer vision [10]
(object and scene recognition), path planning, and grasping
[21]. Google Goggles, a free image recognition service for
mobile devices, has been incorporated into a Cloud-based
robot grasping system [22]. RoboEarth (architecture shown
in Fig. 2) is also used to gather and provide technical support
for robotic navigation and grasping [8].
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Fig. 2. Architecture of RoboEarth [8]

Although big data on the cloud can hugely improve robotic
applications, this poses new challenges for guaranteeing the
quality of the datasets and querying data. Datasets collected
from distributed sources often contain erroneous, duplicated,
or corrupted, so-called “dirty” data. Sampling algorithms can
provide approximations to keep running time acceptable. An-
other challenge is caused by the variety in the representation

of data [10], due to the lack of standards [23]. Keeping data
in the cloud raises security concerns, especially in the case of
sensitive data gathered in private or corporate settings [24].

D. Open source solutions

The development of cloud robotics facilitated the use of
open-source solutions for robotic applications. Open-source
licenses allow the improvement of the code reuse rate and
development efficiency [8] and they provide access to datasets,
benchmarks, and simulation tools [10]. The best-known sys-
tems for supporting open source in cloud robotics are ROS
and RoboEarth. ROS’s core part was designed at the Willow
Garage research laboratory, and it provides basic tools for
distributed computing [8]. A bigger share of solutions is de-
veloped and maintained by the international ROS community
and includes algorithms, frameworks and hardware drivers.
ROS is slowly becoming a standard for robot developers
[10]. RoboEarth is more directed at collaborative solutions for
multi-robot systems, providing a network database system that
is updated dynamically by robots around the world [8].

Besides open source solutions that can be integrated in the
working of robotic systems, there are a number of open source
simulation libraries available for expediting the development
of new systems. The overall availability to datasets and cloud
services can also lead to the improvement of robotic system
intelligence. While the growing rate of sharing ready-to-use
solutions can facilitate the development of cloud robotics, open
source presents the same problems as shared datasets, since
the quality of code must be guaranteed.

III. CLOUD SOCIAL ROBOTICS

Although most of the research in cloud robotics has focused
on grasping and navigation, the paradigm is gaining attention
in the field of human—robot interaction (HRI) [1]. Anzai
defined two challenges specific to HRI [25]. The structure
of human-robot cooperation must be understood, and based
on this knowledge, artificial agents capable of succesful in-
teraction with humans must be developed. Both challenges
can be solved only using computationally costly operations
(e.g. natural language processing, emotion assessment, speech
synthesis). On the other hand, robot design in HRI must be
kept simple and easy to maintain, what makes robots with a
wide range of dedicated hardware impractical. Therefore, the
advantages provided by cloud technologies would be beneficial
in social robotics.

A. Application potential of cloud computing in HRI

Social input, such as gestures, emotions, and affect are an
integral part of human—human interaction and they provide
a communication channel universal across multiple cultures.
The observation and processing of these non-verbal cues is
natural for humans but are hard to replicate in machines.
However, they are essential in human—robot interaction, since
an incorrect assessment of a human’s emotional state could
lead to an inappropriate response from the robot.

In recent years, cloud-based emotion assessment services
were made available for inclusion in user applications, such
as Google Vision API, Microsoft Face API, Amazon Rekogni-
tion, Affectiva Emotion, and Sightcorp F.A.C.E. API. Informa-
tion about a human’s emotional state can also be obtained from



MW LAV VLU ahd Mlbiiviii bbb v AVvidils Avbobdl LALLIY

4 L

-+ Y Vi 1AUDIVLY

speech. First, speech-to-text methods can be used with the
transcribed text processed independently. A number of speech
recognition services are Google Speech API, Bing Speech
API, APL AL, Speechmatics, and Vocapia Speech to Text API,
with further services focusing on different languages. Emotion
assessment analysis is possible with tools like IBM Watson’s
Tone Analyzer, Receptiviti Natural Language Personality An-
alytics API, Alchemy API, and Bitext Text Analysis APL
Although the two-step speech analysis method is much more
widely used, APIs recognizing emotions in speech are also
available, including Good Vibrations, Vokaturi, and Affectiva’s
Emotion API Speech.

HRI can also benefit from data sharing on the cloud. This
has advantages primarily in the personalization of interaction,
where data gathered about a person might be too big to be
stored long-term on the robot’s memory without negatively
affecting the robot’s performance. Data sharing can also help
collaboration between robots. One robot can share data about
an environment or a human’s preferences, with other robots
copying the already learned functionality.

B. Uses of cloud social robotics

Most of the current research in HRI focuses on observing,
processing, and replicating social input. A cognitive system
presented in [26] detected humans’ gestures and speech to
produce an accurate robotic response. In [27], automatic
speech recognition was used to improve the HRI experience.
Human motions data was used to predict intent from gestures
in [28]. Through data mining, the connection between motion
and intent was determined, and the results were provided as a
service.

Another part of research in HRI deals with the use of robots
to gather data about users to improve the quality of a service.
Such a system was described in [29], where a physical therapy
robot collected patient information. Rehabilitation robots used
cloud technologies in the work of Dogmus et al. [30], the
gathered data were used in improving the quality of human—
robot interaction.

Manzi et al. in [31] describe a robotic system called KuBo
supported by cloud services. The KuBo robot is based on the
youBot from KUKA, which has low computational capabil-
ity. The robot’s functionality was provided through software
modules implemented in ROS, relying on cloud services (the
system architecture is shown in Fig. 3). The resulting system
could find information using web resources, remind the user of
commitments and appointments through the Google Calendar
API, monitor a smart environment via connection to external
sensors and stream audio to support telepresence. Robot op-
eration was enabled via speech commands by using Google
Cloud Speech API, while speech synthesis was enabled using
Acapela Voice as a Service API. The authors pointed out
that time-senstive functionality cannot be successfully imple-
mented through cloud services, confirming the findings of [17].

IV. FUTURE WORK

As presented in the previous section, human—robot interac-
tion is a complex process. Cloud services can support some
of its steps, mostly in the processing of social input and
generating robot responses, but the appropriate selection of
responses still presents a problem. Due to the number of
influencing parameters, action selection cannot be described
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by simple rules, and so teleoperation is often used: a human
controls the robot, although the robot seems autonomous to the
interacting partner (Wizard of Oz methodology). A drawback
of this approach is that interaction becomes monotonous to the
teleoperator, which can have a negative effect on the quality
of conversation.

In recent years, systems that support learning from teleoper-
ation through reinforcement learning emerged. Reinforcement
learning assigns rewards to all actions, the action selection
algorithm tries to maximize the rewards during HRI. After a
correct action selection, the teleoperator can assign a higher
reward to the action, reinforcing its selection. Although this
approach proved to be useful in making action selection
more autonomous, the learning systems were specific to each
problem and no service exists to generally support learning
from teleoperation. The author of this paper proposes a cloud

service that could fill this gap.
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This service can be used in systems supporting HRI, as seen
in Fig. 4. In this setup, the physical robot plays the role of an
agent only observing the human parner and then forwarding
the observations to the so-called “virtual robot” in the cloud.
Speech recognition and emotion assessment are done using
existing cloud services, and based on them, an approximation
of the human’s inner emotional state is calculated. This
state then affects action selection, and the proposed action
is approved or overridden by a human teleoperator. Based on
the teleoperator’s input, the learning algorithm cloud service
adjusts the rewards associated with the given actions, leading
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to a more precise action selection in the future. Another
advantage of such a system is that it supports multiple robotic
platforms, since most of the functionality (such as emotion
assessment and action selection) are independent of the robotic
platform.

V. CONCLUSION

Robots operating in everyday human life are expected to
solve problems that are computationally heavy, and require
dedicated hardware or high storage capacity, resources most
robots don’t have. Cloud computing offers a viable solution
to these challenges, and new trends in robotics — especially in
social robotics — point towards the offloading of computation
from robots to cloud services. Such trends are supported
by the availability of alrcady implemented cloud services,
accessibility of the Internet, and increase in connection speed.

Cloud computing offers advantages to robotics, such as
executing computationally heavy operations remotely, access
to big data, sharing robotic experience, and collective learning.
Because of their agent role, robots don’t have to be equipped
with a lot of computational resources, which makes them
lighter, cheaper, and easier to maintain. On the other hand,
the use of cloud computing raises new problems, such as
data protection, manipulation of big data, sharing computing
resources, and network latency.

Cloud solutions are gaining attention in social robotics and
will find further application in the future because of the nature
of human—robot interaction. Cloud services can pave the way
for tackling problems of understanding and imitating non-
verbal communication, which are necessary for successful
HRI, acceptance of robotic companions, and human-robot
cooperation.
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