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클라우드 로봇의 개념과 동향

(https://www.rapyuta-robotics.com/2020/06/16/cloud-robotics-our-perspective/)



5Copyright © 2022 ETRI. All Rights Reserved.

클라우드 로봇은…
• 클라우드 로봇은 클라우드 환경에 존재하는 각종 자원을 활용하여
로봇 작동에 필요한 인식-판단-표현 기능을 수행할 수 있는 로봇

• 클라우드 로봇은 원격 클라우드에 저장된 정보와 계산 자원을
상황에 맞게 활용함으로써 로봇 본체의 물리적 능력 한계를 극복

• 클라우드 로봇은 클라우드를 통해 외부의 지식을 습득하고 타 로봇,
장치, 사람과 협업하여 복잡한 임무를 수행
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클라우드 로봇의 특징: 능력의 확장 Extended Brain

•고성능 클라우드 서비스를 통해 복잡한 문제를 해결
• 예: 영상 검출/인식, 음성 인식/합성 등

•클라우드 기반 인공지능 서비스의 확대
• 해외: Google Cloud, MS Azure, Amazon WS, IBM Watson 등
• 국내: 네이버 클라우드, LG CNS, Saltlux ADAM, MindsLAB maum.ai 등

(출처: https://m.blog.naver.com/sundooedu/221233869585)
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클라우드 로봇의 특징: 지능 공유 Knowledge Sharing

•로봇이 수집 또는 처리한 데이터를 클라우드에 공유

•클라우드에서는 로봇들로부터 받은 정보를 통합 가공

•로봇은 클라우드로부터 작업 수행에 필요한 지식을 입수

(출처: https://www.cbc.ca/news/trending/robot-learns-to-cook-pizza-pancakes-using-wikihow-youtube-1.3204724)
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클라우드 로봇의 특징: 협업 Collaboration

•클라우드를 통해 타 로봇, IT 장치 등과 협업하여 효과적으로
목표를 달성

•각 로봇이 특화된 기능을 통해 임무 수행

ISSUE 3 : 클라우드 기반 로보틱스의 현황과 발전방향

KEIT PD ISSUE REPORT November 2011 Vol.9  37

[ 2] #1 

※ 

[ 3] #2 

※ 

[ 4] #3 
(출처: KEIT PD ISSUE REPORT November 2011 Vol.9)
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클라우드 로봇의 장점
•소형·경량화 된 로봇 개발 가능

•로봇 솔루션 연구개발 중복 투자 절감 가능

•로봇 관리의 집중화 구현

•대규모 로봇 시장 창출 기대

(출처: https://news.yeogie.com/entry/22747)
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Remote-Brained Robots (‘93)

1992 JSK,
Single Trasputer
with a MEP

1989 JSK, software 
on 48 Trasputers Stereo and 3D Tracking Interaction Navigation

Inaba, Masayuki. "Remote-brained robotics: Interfacing ai with real world behaviors." In Proc. of 6th International Symposium of Robotics Research, pp. 335-344. 1993. 
Inaba, Masayuki. "Remote-brained robots." In International Joint Conferences on Artificial Intelligence, pp. 1593-1606. 1997.
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DAvinCi: A Cloud Computing Framework for Service Robots (‘10)

refers to providing these resources as a service over the
Internet to the public or an organization [5]. There are three
types of cloud services and they differ in the approach on
how the resources are made available. The first approach is to
make the hardware infrastructure available as a service and is
called Infrastructure as a Service (IaaS). Amazon’s EC3/S3
is an example of such a service [6]. The second approach
is to provide a platform (the OS along with the necessary
software) over the hardware infrastructure. This is called
Platform as a Service (PaaS). An example of this kind is
the Google Application Engine [7]. The third approach is to
provide the application as a service along with the hardware
infrastructure and is called Software as a Service (SaaS) and
examples include Google Docs, ZOHO and Salesforce.com
.

The cloud environment has the following advantages:

1) Make efficient use of available computational resources
and storage in a typical data center.

2) Exploit the parallelism inherent in using a large set of
computational nodes

Their relevance to robotics is described below. The papers
[8], [9], [10] describe algorithms, techniques and approaches
for a network of robots for coordinated exploration and
map building. Some of these approaches can be parallelized
and refined by doing parts of the map building offline
in a backend multiprocessor system which will also have
information from the other robots. The decision to explore a
particular area can also be coordinated among the robots by a
central system. In [8], the segmenting of the environment and
the corresponding combining of the maps can be offloaded
to a backend system. The fusion of visual processing of
camera images with the laser ranger described in [11] is
a computationally intensive task that can be offloaded to a
backend multiprocessor system.

Many of SLAM algorithms [e.g. FastSLAM] which use
particle filters for state estimation (feature sets in maps)
have conditional independence among the different particle
paths [12], [13], [14] and the map features. These algorithms
are candidates for parallel processing in a computational
cloud where the map for each particle can be estimated in
separate processors thus speeding up the whole procedure.
We describe such an implementation in a later section of
this paper. Other than this, most of the robotic algorithms
are inherently parallel computing tasks working on relatively
independent data sets. Our platform therefore provides an
ideal environment for executing such tasks.

The DAvinCi system is a PaaS which is designed to
perform crucial secondary tasks such as global map building
in a cloud computing environment.

III. DAVINCI ARCHITECTURE

For large environments, we propose a team structure where
the sensors are distributed amongst the members such that
some have very precise localization sensors, a few others
have LIDARs, a few have image acquisition sensors and
all have the basic proprioceptive sensors i.e. a low-cost,
single-axis gyro and wheel encoders [15]. The robots are

assumed to have at least an embedded controller with Wi-Fi
connectivity and the environment is expected to have a Wi-
Fi infrastructure with a gateway linking the cloud service
to the robots. By linking these robots and uploading their
sensor information to a central controller we can build a live
global map of the environment and later provide sections
of the map to robots on demand as a service. A similar
approach can be used for other secondary tasks such as multi-
modal map building, object recognition in the environment
and segmentation of maps.

Currently our DAvinCi environment consists of Pioneer
robots, Roombas, Rovios and SRV-1. The ROS platform was
used for sensor data collection and communication among
the robot agents and clients. We make use of the Hadoop
Distributed File System (HDFS) for data storage and Hadoop
Map/Reduce framework for doing the batch processing of
sensor data and visual information.

Figure 1 shows the high level overview of our system
and how it can be accessed over the cloud. The DAvinCi
server is the access point to external entities (Robots/Human
interface) accessing the cloud service. It also binds the
robotic ecosystem to the backend Hadoop computational
cluster. The ROS framework provides a standard form of
communication and messaging across the robots, between the
DAvinCi server and the robots. A standard set of algorithms
(SLAM, global path planning, sensor fusion) are exposed as
a cloud service which can either be accessed over the intranet
as in a private cloud or over the Internet with ROS messages
wrapped in HTTP requests/responses.

Fig. 1. High level overview of DAvinCi.

Figure 2 shows a high level architecture of our system.
At the bottom is our robotic ecosystem which as explained
before consists of Pioneer robots, SRV-1, Roomba and the
Rovio. Some of these are equipped with onboard CPUs on
which we run the ROS nodes with some of the existing
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Algorithm VI.1: FASTSLAM(From[14])
{

X̄t = Xt = Ø
for k ← 1 to N

do



















x
[k]
t = odometry model(ut ,x

[k]
t−1)

w
[k]
t = measurement model correction(zt ,x

[k]
t ,m

[k]
t−1)

m
[k]
t = update occupancy grid(zt ,x

[k]
t ,m

[k]
t−1)

X̄t = X̄t+< x
[k]
t ,w

[k]
t ,m

[k]
t >

for k ← 1 to N

do

{

draw i with probability ∝ w
[k]
t

add < x
[i]
t ,m

[i]
t > to Xt

return (< x
[i]
t ,m

[i]
t > with maximum i)

Each Hadoop map task corresponds to a particle (k) in

the algorithm. The variables x
[k]
t and m

[k]
t are the state vari-

ables corresponding to the robot path (pose) and the global

map at time t respectively for particle k. The variable w
[k]
t

corresponds to the weight of a particular estimation of the
robot path and map for particle k. This is obtained through
the measurement model which calculates the correlation
between the range scan and the global map estimated in the
previous time step. The algorithm returns the path and map

< x
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t ,m

[i]
t > having the maximum probability [i] proportional

to the accumulated weight w
[k]
t . We exploit the conditional

independence of the mapping task for each of the particle

paths x
[k]
t and the map features m

[k]
t . All the particle paths

(1 to k) and global features m
[k]
t are estimated in parallel

by several of map tasks. A single reduce task for all the

particles selects the particle path and map < x
[i]
t ,m

[i]
t > having

the highest accumulated weight or the probability [i]. This is
depicted in Algorithm VI.1.

Fig. 7. Implementation of FastSLAM in Map/Reduce Framework.

VII. MAP/REDUCE IMPLEMENTATION RESULTS OF

FASTSLAM

Figure 8 shows the graph of the time taken for execution
of the algorithm for different number of particles. A dataset
published in [19] was used for the map estimation. The grid
map dimensions used in the algorithm was 300x300 with
a resolution of 10cm (900,000 cells). The algorithm was
executed by using a single node, two-node and finally a
eight-node Hadoop cluster, respectively. The execution times

were calculated for each of the cases for 1, 50 and 100
particles. It can be seen that the running time decreases by
several orders of magnitude as we go from a single node to
an eight-node system. We believe that the execution times
for mapping a large region will reduce to the order of few
seconds if the number of nodes is increased further (say 16
or more). This is acceptable for a service robot surveying
a large area and the surveying time is in the order of tens
of minutes or more. The idea here is that even the batch
mode of execution can be done in short acceptable times
for mapping a large area in orders of a few seconds when
a large number of nodes are used. In our case the Hadoop
jobs can be triggered by map update requests from the robot
itself while it is streaming the sensor data. It has been shown
in [13] that the accuracy of the pose estimation reduces as
the number of particles is increased. It is also show in [13]
that increasing the number of particles results in increased
execution time of the algorithm for a given dataset. In our
case this is handled by spreading the execution across several
machines in the compute cluster. It is also clear that whereas
it is easier to scale the cluster it is not feasible to increase
the computational capacity of the onboard system of a robot.

Fig. 8. Execution time of FastSLAM in Hadoop vs. number of
nodes.

Figure 9 shows the map obtained from the data. It also
shows that the pose noise reduces as the number of particles
is increased to 100. The results show that a typical robotic
algorithm can be implemented in a distributed system like
Hadoop using commodity hardware and achieve acceptable
execution times close to real time. Running the same on the
onboard system of the robot might be time consuming as
the single node result shows. Once we have accurate maps
of such a large region, it can be shared across several of the
other robots in the environment. Any new robot introduced
into the environment can make use of the computed map.
This is even more advantageous in some cases where the
robot itself might not have an on board processor (e.g.
a Roomba vacuum cleaner robot) and the DAvinCi server
acting as a proxy can use the map for control and planning.
Finally, as in any other cloud computing environment the
computational and storage resources are now shared across
a network of robots. Thus we make efficient use of the
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SLAM 처리 속도
- Single node: 온보드 시스템 활용
- 2 ~ 8 nodes: 클라우드 컴퓨팅 시스템 활용

Arumugam, Rajesh, Vikas Reddy Enti, Liu Bingbing, Wu Xiaojun, Krishnamoorthy Baskaran, Foong Foo Kong, A. Senthil Kumar, Kang Dee Meng, and Goh Wai Kit. 
"DAvinCi: A cloud computing framework for service robots." In 2010 IEEE international conference on robotics and automation, pp. 3084-3089. IEEE, 2010.
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URC: Ubiquitous Robotic Companion (‘04)
• IT 통신 인프라의 장점을 결합한 경량 로봇 모델을 개발

ISSUE 3 : 클라우드 기반 로보틱스의 현황과 발전방향

40  KEIT PD ISSUE REPORT November 2011 Vol.9

3. 국내외 기술개발 현황

※ 





[ 6] URC 




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URC: Ubiquitous Robotic Companion (‘04)

Sensing

Processing Action

Conventional Robot
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URC: Ubiquitous Robotic Companion (‘04)

SensingProcessing

Sensing

Processing
Action

Ubiquitous Sensor Network
→ Internet of Things(IoT)

High Performance Distributed Servers
→ Cloud & Big Data

Physical Robots

Network Communication
System

IT agent Robots

Software Robot
→ AI 사무실,

백화점,병원

Home Network 환경

가사 도우미Edutainment

Robot Inside
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RoboEarth (‘09): 한국이 먼저 개념 만들었으나…

• 로봇들이 정보를 공유하고 행동과 환경에
대하여 서로 배우는 거대한 네트워크이며 DB
리파지토리, 즉, 로봇용 클라우드를 구축하여
관련 정보를 찾아 배우게 하는 시스템

(조선비즈 2011년 8월 기사: http://biz.chosun.com/site/data/html_dir/2011/08/15/2011081501389.html)

http://biz.chosun.com/site/data/html_dir/2011/08/15/2011081501389.html
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RoboEarth (‘09): 구조

Big Data, Data Storage

Cloud Computing

Knowledge Sharing

Collective Learning

Collaborative Tasks

Human Computation 
(Crowdsourcing)
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RoboEarth (‘09): 개념과 취지 설명 영상

2010-2014 http://roboearth.ethz.ch

http://roboearth.ethz.ch/
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RoboEarth (‘09): 최종 시연 영상
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RoboEarth (‘09): 협업 SLAM 시연 영상
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More and more AI Services in the Clouds…

(출처: https://medium.com/bucharest-ai/infuse-ai-in-your-apps-with-microsoft-cognitive-services-5ee71dc96dea
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Smart Speakers (‘14 ~)

(출처: https://developer.amazon.com/en-US/docs/alexa/alexa-gadgets-toolkit/understand-alexa-gadgets-toolkit.html
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Jibo (‘14 ~)

(출처: https://www.pzdeals.com/products/jibo-the-
worlds-first-social-robot-for-the-home)

(출처: https://medium.com/@andrew.rapo/make-your-own-conversational-ai-social-robot-with-
robokit-a-crude-approximation-of-jibo-10847e9a2661)
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CloudMinds (‘15 ~)

(출처: https://www.en.cloudminds.com/home-new/cloud-robots/)
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Amazon RoboMaker (‘18): 개발, 시험, 배포까지…
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Amazon RoboMaker (‘18): 개발, 시험, 배포까지…
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Amazon RoboMaker
클라우드 환경에서 로봇 인식/판단/표현 기능과
응용을 개발하고 시뮬레이터를 통하여 시험

다수 로봇에 OTA 기반 응용 배포 사용과 관제
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ETRI AIR (‘17~): Artificial Intelligence for Robots

ROS 미들웨어

IoT 미들웨어

개인 프로파일링
생활패턴 모델링
건강이상징후 감지
의도 이해/서비스 선택

대인관계지능

로봇/장치 제어

기억

도메인 서비스 계층

클라우드 인터페이스

클라우드 플랫폼

AIR
요소 기술 오픈 APIs

클라우드 기반 오픈 APIs
(구글, MS, 네이버 등) 챗봇 엔진 고령자 지원 서비스 

시나리오 DB

서비스 5종

아파트 테스트베드 시스템 구축 운용

운용 SW 도구

대화 서비스 다수!

평가 시나리오

(출처: “고령사회에 대응하기 위한 실환경 휴먼케어로봇 기술 개발” 과제 ’17~’21 ETRI)



클라우드 로봇의 주요 이슈
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클라우드 로봇의 문제
•Latency
•Connectivity
•Privacy
•Security
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Fog Computing

(출처: https://iot.electronicsforu.com/content/tech-trends/edge-and-fog-computing-practical-uses/)
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식이	많이	사용되고	있는	추세이다.	그림	4는	사용자들로부터	

전송받은	데이터를	엣지	컴퓨팅	서버에	저장하고	필요한	데이

터만을	클라우드	서버로	송신하는	하이브리드	방식을	나타낸

다.	엣지	컴퓨팅이	수행되는	서버는	중앙에	위치한	클라우드	

컴퓨팅	서버보다	더	적은	계산능력을	갖지만	엣지에	위치한	

사용자에게는	더	나은	QoS와	저지연	서비스를	제공할	수	있

다	[8,9].

일반적으로	엣지	컴퓨팅의	구조는	그림	5와	같이	프론트엔

드,	니어엔드	그리고	파엔드	3개의	구조로	나눌	수	있다	[10].	

 •					프론트엔드(Front-End):	엣지	구조의	전반에	위치하며	최

종	사용자와	가장	가까운	지점이다.	프론트엔드	환경은	최종	

사용자에게	더	빠른	응답을	제공할	수	있지만	용량이	제한되

어	있기	때문에	컴퓨팅을	수행하기에는	요구사항을	충족할	

수	없다.

 •			니어엔드(Near-End):	니어엔드	환경에	배포된	게이트웨이

나	서버는	네트워크에서	대부분의	트래픽	흐름을	지원한다.	

엣지	컴퓨팅에서는	대부분의	컴퓨팅과	데이터	저장이	니어

엔드	환경에서	수행되며,	프론트엔드에	비해	대기시간이	소

폭	상승하지만	훨씬	향상된	컴퓨팅	성능과	저장공간을	활용

할	수	있다.

 •			파엔드(Far-End):	클라우드	서버를	의미하며,	가장	우수한	

컴퓨팅	성능과	더	많은	저장공간을	제공한다.	일반적으로	클

라우드	서버에서는	프론트엔드와	니어엔드에서	수행하지	못

하는	빅데이터	관리나	머신러닝등의	작업을	수행한다.

최근	기술의	발전으로	컴퓨팅	작업을	수행하는	고성능	프로

세서의	저가	공급이	가능해지면,	니어엔드에서	프론트엔드로

의	마이그레이션이	논의되고	있으며,	다음	장에서는	이러한	

기술	및	연구	개발	동향에	대해	알아보고자	한다.

III. 기업별 엣지 컴퓨팅 개발 동향

본	장에서는	기업별	엣지	컴퓨팅	개발	및	서비스	동향에	대

<그림	5.	엣지	컴퓨팅	구조	[10]>

II. 엣지 컴퓨팅 구조

본	장에서는	엣지	컴퓨팅의	범위와	구조에	대해	알아보고자	

한다.	그림	3은	클라우드,	포그,	그리고	엣지의	대략적인	범위

를	보여준다.	앞	장에서	언급했듯이,	엣지	컴퓨팅은	포그	컴퓨

팅의	한	부분이지만	그림과	같이	엣지	컴퓨팅의	동작층은	포

그	컴퓨팅보다	사용자에	더	가까운,	즉	최종	사용자에	가장	가

까운	위치에서	동작을	수행하는	컴퓨팅	방식이라	정의할	수	

있다	[6,7].	클라우드	컴퓨팅의	경우	주로	데이터	센터에서	컴

퓨팅을	수행하지만,	엣지	컴퓨팅의	경우	사용자	단말	또는	단

말과	가장	가까운	서버에서	컴퓨팅을	처리한다.	따라서	지연

시간을	최소화하며	데이터	처리를	할	수	있으며	이를	통해	사

용자가	즉각적으로	처리된	데이터에	대응할	수	있다.	따라서	

엣지	컴퓨팅을	사용함으로써	클라우드	컴퓨팅만을	사용했을	

경우보다	서버의	데이터	부하가	감소하고,	데이터	처리를	각	

사용자와	가까운	곳에서	처리하기	때문에	상대적으로	보안	강

화	측면에도	기여한다고	볼	수	있다.	하지만	엣지	컴퓨팅만을	

사용하는	것은	비용과	효율	측면에서	비합리적이다.	따라서	

최근	엣지	컴퓨팅	시장은	빠른	처리를	요하는	상황에	엣지	컴

퓨팅으로	각	디바이스	내에서	연산	처리를	진행한	후,	해당	결

과만	클라우드로	전송하는	방식으로	동작하는	하이브리드	방

<그림	3.	Cloud,	Fog,	Edge	개념도	[6]>

<그림	4.	하이브리드(엣지-클라우드)	방식>
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A Fog Robotics Approach to Deep Robot Learning:
Application to Object Recognition and Grasp

Planning in Surface Decluttering
Ajay Kumar Tanwani, Nitesh Mor, John Kubiatowicz, Joseph E. Gonzalez, Ken Goldberg

Abstract—The growing demand of industrial, automotive and

service robots presents a challenge to the centralized Cloud

Robotics model in terms of privacy, security, latency, bandwidth,

and reliability. In this paper, we present a ‘Fog Robotics’

approach to deep robot learning that distributes compute, storage

and networking resources between the Cloud and the Edge in

a federated manner. Deep models are trained on non-private

(public) synthetic images in the Cloud; the models are adapted

to the private real images of the environment at the Edge within a

trusted network and subsequently, deployed as a service for low-

latency and secure inference/prediction for other robots in the

network. We apply this approach to surface decluttering, where

a mobile robot picks and sorts objects from a cluttered floor by

learning a deep object recognition and a grasp planning model.

Experiments suggest that Fog Robotics can improve performance

by sim-to-real domain adaptation in comparison to exclusively

using Cloud or Edge resources, while reducing the inference cycle

time by 4⇥ to successfully declutter 86% of objects over 213
attempts.

I. INTRODUCTION
The term ‘Cloud Robotics’ describes robots or automation

systems that rely on either data or code from the Cloud, i.e.
where not all sensing, computation, and memory is integrated
into a single standalone system [1], [2]. By moving the
computational and storage resources to the remote datacenters,
Cloud Robotics facilitates sharing of data across applications
and users, while reducing the size and the cost of the onboard
hardware. Examples of Cloud Robotics platforms include
RoboEarth [3], KnowRob [4], RoboBrain [5], DexNet as a
Service [6], [7]. Recently, Amazon RoboMaker [8] and Google
Cloud Robotics [9] released platforms to develop robotic
applications in simulation with their Cloud services.

Robots are increasingly linked to the network and thus not
limited by onboard resources for computation, memory, or
software. Internet of Things (IoT) applications and the volume
of sensory data continues to increase, leading to a higher
latency, variable timing, limited bandwidth access than deemed
feasible for modern robotics applications [10], [11]. Moreover,
stability issues arise in handling environmental uncertainty
with any loss in network connectivity. Another important
factor is the security of the data sent and received from
heterogeneous sources over the Internet. The correctness and
reliability of information has direct impact on the performance
of robots. Robots often collect sensitive information (e.g.,

The AUTOLAB at UC Berkeley (automation.berkeley.edu).
University of California, Berkeley. {ajay.tanwani, mor,

kubitron, jegonzal, goldberg}@berkeley.edu

Robots

Edge / Gateways

Cloud Datacenters

- Shared Learning
- Security & Privacy
- Resource Allocation

- Big Data Storage
- Massive Parallel Computing

❏ Low throughput
❏ High latency 
❏ No mobility
❏ Enormous resources
❏ Centralized

❏ QoS guarantees
❏ Low latency 
❏ Mobile resources
❏ Thin resources
❏ Federated

Large scale Model Learning

Model Adaptation + 
Inference Serving

Fig. 1: A Fog Robotics approach to deep robot learning that uses resources
between Cloud and Edge for training, adaptation, inference serving and
updating of deep models to reduce latency and preserve privacy of the data.

images of home, proprietary warehouse and manufacturing
data) that needs to be protected. As an example, a number of
sensors and actuators using Robot Operating System (ROS)
have been exposed to public access and control over the
Internet [12].

Fog Robotics is “an extension of Cloud Robotics that dis-
tributes storage, compute and networking resources between
the Cloud and the Edge in a federated manner”. The term
Fog Robotics (analogous to Fog Computing1 [16], [17], [18])
was first used by Gudi et al. [19]. In this paper, we apply
Fog Robotics for robot learning and inference of deep neural
networks such as object recognition, grasp planning, localiza-
tion etc. over wireless networks. We address the system level
challenges of network limits (high latency, limited bandwidth,
variability of connectivity, etc.), security and privacy of data
and infrastructure, along with resource allocation and model
placement issues. Fog Robotics provides flexibility in address-
ing these challenges by: 1) sharing of data and distributed
learning with the use of resources in close proximity instead of
exclusively relying on Cloud resources, 2) security and privacy
of data by restricting its access within a trusted infrastructure,
and 3) resource allocation for load balancing between the

1The term “Fog Computing” was introduced by Cisco Systems in 2012

[13]. Other closely related concepts to Fog Computing are Cloudlets [14] and
Mobile Edge Computing [15].
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Robot Environment [1]

ROS NVIDIA

ROBOT || SIMULATOR

Control Environment [1]
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PLANNINGCONTROL
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ROS NVIDIA
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PLANNINGCONTROL
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Fig. 4: Software components running in network-connected execution
environments packaged and distributed via Docker images: (left) robot en-
vironment, (centre) control environment, (right) learning environment.

head camera of the robot in simulation. Depth images are
readily invariant to the simulator and the real environment. The
grasp planning model samples antipodal grasps on the cropped
depth image of the object and outputs the top ranked grasp for
the robot to pick and place the object into its corresponding
bin.

D. Networked System with Execution Environments
The overall networked system consists of three modular

execution environments (see Fig. 4): 1) the robot environment
or its digital twin [67] in the simulator that sends images of
the environment and receives actuation commands to drive the
robot; 2) the control environment responsible for sensing the
images, inferring the objects and grasp poses from the images
using the trained object recognition and grasp planning model,
planning the motion of the robot for executing the grasps,
and sending the actuation commands to drive the robot; and
3) the learning environment that receives images and labels
from the robot or the simulator and splits the data for training
and evaluation of the deep models. At the end of the training
process, the best performing model on the evaluation set is
deployed as an inference graph for secured and low-latency
prediction serving at the Edge in the robot-learning-as-a-
service platform. The platform defines a service for robots
to easily access various deep learning models remotely over
a gRPC server. Note that the robot environment, the control
environment and the learning environment are virtual, and their
appropriate placement depends on the available storage and
compute resources in the network. The software components
running in network-connected execution environments are
packaged and distributed via Docker images [68].

We run an instance of the learning environment to train the
deep object recognition model on the Cloud with the non-
private synthetic data only, while another instance runs at
the Edge of the network that adapts the trained network on
real data to extract invariant feature representations from the
private (real) and the non-private (synthetic) data.

IV. EXPERIMENTS, RESULTS AND DISCUSSION

We now present comparative experiments of deep learn-
ing and inference for surface decluttering using: 1) Cloud
resources only, 2) Edge resources only, and 3) Fog using
resources on both Cloud and Edge. The Edge infrastructure
includes a workstation (6-core, 2-thread Intel CPUs, 1.1 TB
Hard Disk, with a Titan XP GPU) located in UC Berkeley

for Edge computing and storage. We use the Amazon EC2
p2.8xlarge instance with 8 Tesla K80 GPUs for Cloud
compute and use Amazon S3 buckets for Cloud storage. We
launch the EC2 instance in two regions: 1) EC2 (West) in
Oregon (us-west-2), and 2) EC2 (East) in Northern Virginia
(us-east-1).

A. Sim-to-Real Domain Adaptation over the Network

We divide both the simulated and the real
datasets into 60% training and 40% evaluation sets:
{sim train, real train, sim eval, real eval}, and estimate
the model parameters described in Sec. III-C under different
networks on real eval: 1) training in the Cloud with only
large scale non-private synthetic images {sim train}, 2)
training at the Edge with only limited number of private real
images {real train}, and 3) training in the Fog with both
synthetic and real images on the Edge, using a pretrained
model on large scale synthetic data in Cloud, under 3
baselines: a) Sim+Real: training on combined simulation
and real data with no domain classifier, b) DIOR dann:

training DIOR with shared parameters for sim and real feature
representation, c) DIOR adda: training DIOR with separate
parameters for sim and real feature representations.

Results are summarized in Table I. We observe that the
models give comparable or better mean average precision
(mAP) [69] and classification accuracy on the real images in
the Fog in comparison to the models trained exclusively on
Cloud or Edge. Naive transfer of model trained on synthetic
data does not perform well on the real data with an accuracy
of 24.16%. Combining sim and real data naively is also
suboptimal. The domain invariant object recognition with a
few labeled real images provides a trade-off between acquiring
a generalized representation versus an accurate adaptation
to the real images. The DIOR adda drastically improves
the performance on real domain by partially aligning the
feature representation with the sim domain. The DIOR dann

model with shared parameters gives good performance in both
domains, which can further be used to update the simulator
model in the Cloud [70]. We report the remainder of the
results with DIOR dann. Training time of each model is over
13 hours on both the Cloud and the Edge(GPU) instances
suggesting that the model placement issues are less critical
for training.

The cropped depth image of the closest object to the robot
is fed to the grasp planning model to compute the grasp poses
for robot surface decluttering (see Fig. 5 for qualitative results
of the model on both synthetic and real data).

B. Communication vs Computation Cost for Inference

We deployed the trained models in the robot-learning-as-a-
service platform that receives images from the robot as a client,
performs inference on a server, and sends back the result to the
robot. We measure the round-trip time t(rtt), i.e., time required
for communication to/from the server and the inference time
t(inf). We experiment with four hosts for the inference service
in the order of decreasing distance to the robot: EC2 Cloud

Tanwani, Ajay Kumar, Nitesh Mor, John Kubiatowicz, Joseph E. Gonzalez, and Ken Goldberg. "A fog robotics approach to deep robot learning: Application to object 
recognition and grasp planning in surface decluttering." In 2019 International Conference on Robotics and Automation (ICRA), pp. 4559-4566. IEEE, 2019.
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TABLE I: Comparative experiments for learning deep object recognition
for simulation to reality transfer over Cloud, Edge and Fog. Metrics include
mean Average Precision (mAP) on real images, classification accuracy on
synthetic test images sim eval, real test images real eval and both synthetic
and real test images mix eval. Domain invariant object recognition with
shared feature representation network parameters DIOR dann model gives
better performance in both simulation and real domain using Fog Robotics.

Training Set mAP sim eval real eval mix eval

Cloud

Sim 0.13 97.97 24.16 55.5

Edge

Real 0.62 24.64 88.1 64.92

Fog

Sim + Real 0.33 90.40 54.12 69.97
DIOR dann 0.61 96.92 86.33 95.21
DIOR adda 0.61 30.87 90.64 67.82

Fig. 5: Object recognition and grasp planning model output on a simulated
image on (top) and real image on (bottom) as seen from the robot head camera.

(West), EC2 Cloud (East), Edge with CPU support only, and
Edge with GPU support.

Results in Table II show that the communication and not
the computation time is the major component in overall cost.
Deploying the inference service on the Edge significantly
reduces the round-trip inference time and the timing variability
in comparison to hosting the service on Cloud, with nearly 4⇥
difference between EC2 Cloud host (East) and Edge host with
GPU.

C. Surface Decluttering with the Toyota HSR

We test the performance of the trained models on the mobile
Toyota HSR robot for surface decluttering. We load 5 � 25
objects in a smaller bin from a smaller set of 65 physical
objects and drop them on the floor in front of the robot
(see Fig. 2). The overall accuracy of the domain invariant
object recognition and the grasping model on the robot is

TABLE II: Computation time for inference t(inf) vs round trip communi-
cation time t(rtt) (in milliseconds) for inference over Edge (with and without
GPU) and Cloud with EC2 (West) EC2 (East) instances. Results are averaged
across 200 real images. Communication time dominates the computation time
and increases as the distance to the server increases.

Location t(inf) t(rtt)

Object Recognition

EC2(East) 31.93± 1.53 437.63± 100.02
EC2(West) 31.12±1.28 181.61± 22.71
Edge(CPU) 52.34± 4.18 149.32± 21.04
Edge(GPU) 33.27± 3.09 119.40±12.06

Grasp Planning

EC2(East) 1906.59± 224.19 4418.34± 1040.59
EC2(West) 1880.28± 207.46 2197.76± 199.44
Edge(CPU) 3590.71± 327.57 3710.74± 214.08
Edge(GPU) 1753.65±201.38 1873.16±211.57

90.14% and 86.85%, respectively, for a total of decluttering
185 objects across 213 grasp attempts. In comparison, grasping
orthogonal to the principal axis of the segmented objected
resulted in a grasping accuracy of 76.19% only. We found
that the grasping results improved substantially by retraining
the model with respect to the tilted camera viewpoint of the
robot in comparison to the results reported in [25]. Note that
we remove the pathological objects such as heavy hammers,
and objects with very low ground clearance such as wrenches
and scissors that the robot is not able to grasp. We observe
that the robot performs well in grasping compliant objects and
objects with well-defined geometry such as cylinders, screw-
drivers, tape, cups, bottles, utilities, and assembly parts (see
https://sites.google.com/view/fogrobotics for video, results and
supplementary details).

V. CONCLUSIONS AND FUTURE DIRECTIONS

In this paper, we have introduced a Fog Robotics approach
for secure and distributed deep robot learning. Secured com-
pute and storage at the Edge of the network opens up a broad
range of possibilities to meet lower-latency requirements,
while providing better control over data. Standardizing robot
communication with available Edge resources, nonetheless, is
challenging for a wider adoption of Fog Robotics. We have
presented a surface decluttering application, where non-private
(public) synthetic images are used for training of deep models
on the Cloud, and real images are used for adapting the learned
representations to the real world in a domain invariant manner.
Deploying the models on the Edge significantly reduces the
round-trip communication time for inference with a mobile
robot in the decluttering application. In future work, we plan
to deploy various deep models for segmentation, hierarchical
task planning etc, for low-latency and secure prediction in a
multi-agent distributed environment with a set of robots.
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Robot-Cloud Offloading (1/3)
•정확도 vs 속도 vs 전원…Accuracy of Robot and Cloud DNNs
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Robot-Cloud Offloading (3/3)The Robot Offloading MDP: Action Space
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RL-based Offloading Policy Learning
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5G 이동통신

(출처: https://www.naverlabs.com/en/storyDetail/124)

5G
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네이버 Brainless Robot

(출처: https://www.naverlabs.com/en/storyDetail/124)

• Cerebrum: 대뇌
• Cerebellum: 소뇌
• Brainstem: 뇌줄기



40Copyright © 2022 ETRI. All Rights Reserved.

네이버 Brainless Robot

(출처: https://www.naverlabs.com/en/5gbrainlessrobot)



41Copyright © 2022 ETRI. All Rights Reserved.

네이버 Brainless Robot

(출처: https://www.naverlabs.com/en/storyDetail/124)
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Robots-as-a-Service(RaaS) 소개
슬라이드 출처: https://www.slideserve.com/adem/raas-robotics-as-a-service
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RaaS: Robotics as a Service

•A Service Model for Cloud Robotics

Arjun Singh, Ben Kehoe, Ken Goldberg, Pieter Abbeel

University of California, Berkeley

RaaS
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Example Use Case

• Objects coming down conveyer 
belt
• Identify each object, pick it up, 

and place into correct bin
• Low-level control
• Object recognition
• Grasp planning
• Motion planning

Drawing: Ketrina Yim
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How to Solve It with ROS

• Acquire computing hardware 
• Install ROS and relevant packages 
• Execute and maintain software and 

computing hardware

Drawing: Ketrina Yim
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Pros and Cons of ROS

• Huge positive impact on robotics 
(especially sharing)
• Core great for messaging, low-level 

control – components that make a 
robot operating system

• Asking it to do too much
• All code for everything robotics 

related

Packages required for full ROS installation 

Packages required for barebones ROS installation



48Copyright © 2022 ETRI. All Rights Reserved.

Pros and Cons of ROS
• Intimidating for non-roboticists
• Nontrivial to set up secure distributed networking with ROS -- need to 

understand VPNs, have control over network environment, etc.
• Dependencies can turn into a nightmare (especially with multiple ROS 

versions)
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Computing Environment has Changed

• ROS design started in 2006 – a lot has 
changed!
• Cloud computing: Easy access to vast 

numbers of machines
• Software engineering: Service-oriented 

architectures and Software as a Service
• E.g. Google Docs vs. Microsoft Office
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Example Services – Motion Planning

Motion 
Planning
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Example Services – Object Recognition

Object 
Recognition

Service

Input Scene Detected Objects
and Poses
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Our Idea: Robotics as a Service (RaaS)

• Publish algorithms as 
services
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robot
• Collaborative data 
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Goldberg et al. 1995                         Networked robotics

Arumugam et al. 2010                      Cloud computing for robots

Ciocarlie et al. 2010                          Big data for robotics

Kuffner 2010                                      Cloud-enabled robots

Remy and Blake 2011                      Service-oriented robotics

Blake et al. 2011                               Service-oriented robotics

Waibel et al. 2011                            Shared knowledge

Cloud Robotics
MoveIt! (Sucan and Chitta)          Motion planning
GraspIt! (Ciocarlie and Miller)     Grasp planning

OpenCV (Bradski) Computer vision
OpenRAVE (Diankov)                     Motion planning
Ladon (www.ladonize.org)           Web service framework

Commercial Products
Mashape Index of service APIs      

PiCloud Move computation into cloud

Open-Source Tools
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Why RaaS?
Limited Resources Code Sharing Encapsulation Parallelism Common Interfaces
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Why RaaS?

• Some robotic platforms have limited onboard 
computation (e.g. Baxter)
• Can’t run sophisticated robotics algorithms
• Need offboard computation – use the cloud or buy 

computers

• Services give a straightforward way to move 
computation to the cloud

Photo: David Yellen for IEEE Spectrum

Code Sharing Encapsulation Parallelism Common InterfacesLimited Resources
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Why RaaS?

• Spend months working on your algorithm, finally finish it, and you 
want to share it
• Need to figure out what all the dependencies are
• Need to document how to install everything
• Need to document how to use your code
• Don’t have time for any of these

• Packaged service: only worry about API users interact with

Code Sharing Encapsulation Parallelism Common InterfacesLimited Resources
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• Robotics requires integrating many different 
components

• Vision, NLP, control, messaging, planning, 
grasping, etc. – each alone is complex
• Huge number of dependencies – something is 

bound to conflict

• Services force encapsulation of components

• Use object detection and planning systems 
without worrying about conflicts

Encapsulation

Object Detection:
Dependency A 1.0
Dependency B 2.1
Dependency C 2.5

Motion Planning:
Dependency B 2.1
Dependency C 3.2

Object Detection:
Dependency A 1.0
Dependency B 2.1
Dependency C 2.5

 Motion Planning:
Dependency B 2.1
Dependency C 3.2

Code Sharing Parallelism Common InterfacesLimited Resources

Why RaaS?
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Object 
Recognition 

Service

Queue
Object 

Recognition 
Service

Object 
Recognition 

Service

Why RaaS?

• Service: natural interface for 
parallelizing computation
• Insulates user from 

managing parallelism
• Automatically run multiple 

instances of a service on 
multiple machines

EncapsulationCode Sharing Parallelism Common InterfacesLimited Resources
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Why RaaS?

• Easy benchmarking and comparison
• Use common interfaces when defining services
• E.g. object recognition systems

• Input: Image
• Output: List of object identities
• Can’t expect researchers to implement interfaces at a library level

• Swap out services

EncapsulationCode Sharing Parallelism Common InterfacesLimited Resources
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RaaS Workflow
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RaaS Workflow – Algorithm Developers

Object 
Recognition

Motion 
Planning 1

Grasp
Planning

Motion 
Planning 2

RaaS

Algorithm Developers
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RaaS Workflow – Algorithm Developers

• Write your usual code
• Wrap with service code
• Create Amazon Machine 

Image (AMI)
• Publish your service

Install dependencies + code

Create Amazon Machine Image

Launch Machine on Amazon EC2
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RaaS Workflow – Algorithm Developers
• Make creating a web service as simple as possible
• Ignore HTTP, serialization, encoding, webservers, etc.
• Rich set of types available for service methods
• Strings, floats, integers, binary blobs, raw files, timestamps, durations, poses, 

transformations, vectors, matrices, images, point clouds
• Create your own

• Can serve ROS nodes as web services
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RaaS Workflow – Algorithm Users

RaaS

Algorithm Users

Motion Planning 1
Grasp Planning

Object Recognition

Motion Planning 2
Grasp Planning
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Object 
Recognition

Service

Input Scene Detected Objects
and Poses

Client Code:

Service Definition:

RaaS Workflow – Algorithm Users

• Choose services
• Launch machines in the 

cloud
• Connect to machine and 

use services

• Detect objects in images, 
plan motions, etc.
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RaaS Workflow – Algorithm Users

• Compare different algorithms implementing the same interface by 
changing a single URL
• Again, ignore serialization, encoding/decoding, HTTP, etc. – use like an 

ordinary function call
• Use web-service-based ROS Nodes as if they were local ROS Nodes
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How to Solve It with RaaS

• No need to worry about computing 
hardware
• Install barebones ROS – (i.e. only 

messaging, low-level control, etc.)
• Use object recognition, motion 

planning, grasp planning services 
from RaaS
• RaaS complements ROS

Drawing: Ketrina Yim
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Collaborative Data Collection – Example

• Ten camera rig with controllable 
turntable
• High quality 3d models from about 

600 images in 5 minutes of human 
time

• Ship us an object, we upload model 
to cloud, you can recognize it in 
images
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Roadmap

• Service framework 
implemented for Python
• Service directory implemented 

for EC2
• Need to polish up rough edges 

and automate tedious steps

(Almost) Complete (pre-alpha) Future Work
§ Linux containers rather than 

Amazon Machine Images
§ Can then run services anywhere –

in your lab or in the cloud

§ Infrastructure for other 
programming languages

§ Data collection APIs

Interested? Email us! arjun@eecs.berkeley.edu



클라우드 로봇 지능 과제 연구 소개
ETRI, LG전자 (‘20~’23)
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과제 수행 체계

지속적지능증강·공유를통해기존및신규로봇작업에대응하여
최적지능제공이가능한클라우드로봇복합인공지능핵심기술개발

실환경서비스상황에서사용자반응에지속적으로
지역(Local) 적응하는로봇지능기술개발

세부2

다수로봇의지능을통합고도화하는클라우드
로봇지능증강·공유및프레임워크기술개발

총괄/
세부1

세부 1~3에서생성된로봇인공지능의모듈화확장을지원하는
클라우드로봇프레임워크개발및실증

클라우드에연결된개별로봇및로봇그룹의
작업계획기술개발

세부3

총괄

1개의총괄과제와 3개의세부과제로구성되어있으며, LG전자는총괄/세부1과제를주관함
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연구개발 필요성: 서비스 로봇의 현실
2015 2014
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연구개발 필요성
• 현재 서비스 로봇 기술은 변화하는 환경에서도 같은 수준의 상호작용을 제공

• 상업적 용도의 서비스 로봇에서 활용이 제한

• 환경과 사용자 변화에 적응하는 맞춤형 서비스를 제공함으로써 다양한 서비스 분야에서
신시장 창출 가능

※데이터·AI 경제 활성화 계획(‘19.1.), AI R&D 전략(‘18.5.) 및 혁신성장 실현을 위한 5G+ 전략(‘19.4) 
등에서 AI·로봇·클라우드가 융합된 新산업 육성 계획 발표

• 상업용･개인용 서비스 로봇은 높은 수준의 상호작용, 맥락이해, 개인화 기술 필요
• 현재 서비스 로봇의 멀티모달 상호작용과 맥락 이해 기술은 다수 사용자 환경에 공통
적용을 전제로 한 범용 지능에 의존

• 맥락 기반 개인화 및 적응화 기술은 다양한 상황에서 효과적으로 로봇 서비스를 제공
가능

• 맥락이해와 지역적 적응 학습 기술로 기존 서비스 로봇의 상업적 경쟁력 제고 가능
• 클라우드 로봇 지능을 통해 자체 기술력이 부족한 중소기업과 스타트업의 로봇 서비스 수준 향상
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연구 개발 필요성: 현재 서비스 로봇의 맥락 이해 지능

정적, 폐쇄적

현재 서비스 로봇의 맥락 이해 지능은……

대용량 데이터셋 구축
Labeled Dataset 훈련

지능 모델M

배포 활용
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연구 개발 필요성: 현재 서비스 로봇의 맥락 이해 지능

서비스 환경 변화

태스크 변화

검출/인식 성능 저하

검출/인식 불가능

정적, 폐쇄적

현재 서비스 로봇의 맥락 이해 지능은……
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전시관 안내 카페 고객 응대

연구 개발 필요성: 현재 서비스 로봇의 서비스 지능

현재 서비스 로봇의 서비스 지능은……

서비스 사전 저작 배포 활용

일방적

서비스 콘텐츠, 대화 모델, 규칙,…

서비스 정책

If state1 then behavior1
If state2 then service1

…

피드백

피드백
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전시관 안내 카페 고객 응대

연구 개발 필요성: 현재 서비스 로봇의 서비스 지능

현재 서비스 로봇의 서비스 지능은……

일방적

서비스 콘텐츠, 대화 모델, 규칙,…

서비스 정책

If state1 then behavior1
If state2 then service1

…

피드백

피드백

사용자 반응에 상관없는
행동과 서비스

사용자 만족도와
관심 저하
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연구개발 목표

- 개인/군집 특성 기반 개인화 맥락 이해

- 포괄적 상황인지 기반 서비스 맥락 이해

- 멀티모달 데이터 융합 맥락 이해

환경과 맥락을 이해하는
멀티모달맥락이해기술

R1

- 맥락 이해 지능의 지역 적응 학습

- 서비스 개인화/특화 지능의 지역 적응 학습

- 지역적 지속 적응 학습 최적화

변화하는 환경/서비스 대응을 위한
지역적적응학습

R3

- 서비스 개인화/특화 정책 심층강화학습

- 멀티모달 단서 기반 사용자 반응 해석

- 사용자 반응의 원인 요소 추정

사용자 반응에 적응하는
서비스개인화와특화

R2

이기종 복수 로봇 적용

적응학습

지
능
증
강

맥
락
이
해

클라우드로봇복합인공지능
통합시스템

- 다중/분산 통합 전역 지능 획득과 적용

- 지역 공유/특화 지능 분리 학습

- 전역 지능 적용 학습 최적화

클라우드 협업 기반
전역최적지능획득및적용

R4

학습모델 ⋅데이터공유

지역클라우드로봇지능시스템

다중 서비스 도메인 테스트베드/실환경 운영

연구
내용

비전

최종
목표

R5
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기존 로봇

Sense Plan Act
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지역 적응 학습하는 로봇

Sense Plan ActSense Plan Act

Feedback
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지역 적응학습하는 로봇

Sense Plan ActSense Plan Act

Feedback

Unsupervised/Active/Semi-Supervised Domain Adaptation
Online Incremental(Continual, Lifelong) Learning

Reinforcement Learning, Self-Competence Aware Learning
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클라우드 기반 지능 증강 로봇

Sense Plan ActSense Plan Act

Feedback

Unsupervised/Active/Semi-Supervised Domain Adaptation
Online Incremental(Continual, Lifelong) Learning

Reinforcement Learning, Self-Competence Aware Learning

Cloud Robotics Platform
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클라우드 기반 지능 증강 로봇

Sense Plan ActSense Plan Act

Feedback

Unsupervised/Active/Semi-Supervised Domain Adaptation
Online Incremental(Continual, Lifelong) Learning

Reinforcement Learning, Self-Competence Aware Learning

Cloud Robotics Platform

Multi-Task, Transfer Learning
Federated, Cooperative, Collaborative Learning
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기술 활용 시나리오: 음식점 도메인 예시

클라우드 로봇 복합인공지능 시스템
(총괄/세부1 과제)

로봇 지능 학습 모델 최적화

지능 증강과 공유 학습

전역클라우드 지역클라우드
@식당1

로봇지능 저장소

① 음식/상태 인식 기본 지능 모델 배포

복잡한 배경
동적 가림
조명 변화

인식 신뢰도 저하 발생!

지역로봇지능

서비스환경변화

음식 데이터 수집

⑤지역적응학습

인식 신뢰도 향상

지역 최적 지능 모델 공유

지역
클라우드
@식당2

지역
클라우드
@식당3

지역
클라우드
@식당4

지역
클라우드
@식당n

신규 메뉴
추가

신메뉴 인식 불가!

태스크 변화

데이터 공유 (Unlabeled Data)

음식/상태 인식 전역 최적 지능 모델 배포

신메뉴 인식 가능!

②

③

④

⑥

⑦

⑧

⑨

⑩

⑩⑪

⑫
⑬전역지능적용

⑭

맥락이해
서비스

개인화/특화

+
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연구개발 기술과 실증 체계
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클라우드 로봇 복합인공지능 플랫폼
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클라우드 로봇 복합인공지능 플랫폼
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□ 클라우드로보틱스서비스프레임워크및기능요구사항(Raas) 표준 개발

§ ITU-T SG13 NP 승인(2020) 및표준기고서 17건
§ NP: Y.RaaS-reqts(Cloud computing – Functional requirements of robotics as a service)의 에디터쉽 확보 유지하고

주 에디터로 표준 문서 개발 주도 (https://www.itu.int/itu-t/workprog/wp_item.aspx?isn=16731)

§ ISO/IEC JTC1 SC42(Artificial Intelligence) 및 ISO TC299(Robotics) 등 유관 기관과 표준안 개발 내용 공유, 상호 검토

§ 년 3회(3/7/12월) ITU-T SG13(미래 네트워크 클라우드 컴퓨팅 분야) 온라인 회의 참석

§ 로봇 산업 생태계 및 이해당사자를 정의하고 표준 문서에 반영

§ 클라우드 로봇을 위한 지능 증강 서비스, 로봇 응용 개발 등 6종의 유즈케이스 기고하여 표준안에 반영

[ITU-T NP 승인(2020)]

[ Robotics Ecosystem and Stakeholders]

[ITU-T 기고서및작업중인표준문서]

클라우드 로봇 표준화 – RaaS (1)

https://www.itu.int/itu-t/workprog/wp_item.aspx?isn=16731
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Registration of robot profiles & development of 
robot applications using the profiles

Deploying the distributed robot intelligence 
model using RaaS & cloud service

Enhancement of robotics intelligence using RaaS-
Environment perception

Robotics intelligence processing using RaaS in 
industrial roller conveyor with multi-gripper

Extension of robotics application with modules in 
service catalogue

Developing and testing robotics applications for 
navigation task

클라우드 로봇 표준화 – RaaS (2)

Cloud Service Partner: Robotics Application Provider
Cloud Service Provider: Robotics System Integrator
Cloud Service Customer: Robotics Customer



RaaS 정리
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RaaS란 무엇인가?

로봇 플랫폼과 로봇 운영 솔루션을 모두 임대 활용하고 사용한 만큼 비용을 지불
출처: https://insights.rlist.io/p/report-robot-as-service-companies.html

https://insights.rlist.io/p/report-robot-as-service-companies.html
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RaaS의 장점
• 비용 절감과 위험 분산

• 초기 구입과 설치 비용
• 초기 도입에 뒤따르는 AS 비용
• 즉, 비용 대비 효과에 대한 크 위험 존재

• 유연성과 확장성
• 수요가 계절 별로 변동이 있는 등 자원 요구가 변화하는 경우 대응이 가능
• 추가 서비스의 설치와 활용이 용이
• RaaS의 유연성은 낮은 통합 비용과 신속한 시운전이 가능한 경우에만

해당됨 --> 통합과 시운전 비용은 고정 비용이므로 최소화할 수 있어야 함
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RaaS의 적용 분야와 장점
• 산업 로봇에 부적절

• 프로그래밍 하기가 번거로운 산업용 로봇 애플리케이션은 고정 비용이 높아, 
단기간 시험적으로 설치하는 것이 무의미

• 로봇 시스템이 지속적으로 필요하고, 유연성은 거의 필요하지 않으며, 적용 사례
성공에 대한 위험을 스스로 부담하는 경우 RaaS는 부적합

• 서비스 로봇 투자가 활발하지 않은 업계가 주요 대상
• 몇몇 공급자는 코봇을 이용하여 제조업에 접근한 반면, RaaS의 주요 대상은 청소, 

보안, 배달 서비스 및 물류 부문 link

• 위험을 외주화하고 대체적으로 안정적인 시장에서 활동하는 경우, ‘Pay per Use’ 
비즈니스 모델을 고려할 수 있음

• 로봇을 구매하는 대신 로봇을 사용한 만큼만 비용을 지불

• RaaS 제공 업체는 KPI (핵심 성과 지표) 등의 형태로 성능 보장을 약속하므로 로봇 활용의
위험이 로봇 사용자에게서 RaaS 공급자에게로 이전됨

https://insights.rlist.io/p/report-robot-as-service-companies.html
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RaaS 비즈니스 사례: 미국 6 River
• 창고 관리용 소형 로봇 서비스

• 로봇 플랫폼은 Chuck으로 상품
진열대까지 자율주행을 통해 찾아가
재고 관리 가능

• 비용: 로봇 8대 임대료 25만 달러와
연간 유지비 5만 달러
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RaaS 비즈니스 사례: 미국 Fetch Robotics
• 창고 진열대에서 물건을 집어서
컨베이어 벨트까지 옮기거나
사용자에게 전달

• 라이다 센서, 3D 카메라, 지도 구축과
자율주행, 사람과 사물 구분

• 비용: 500kg용 물류 로봇의 월
이용료는 3천 ~ 5천 달러
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RaaS 비즈니스 사례: 미국 InVia Robotics
• 물류창고용 로봇 서비스 제공

• 비용: "작업량 한 단위"를 기준으로
가격을 설정 (예: 상품 픽업 1개 당
10센트)

• 적용 기업: Rakuten Super Logistics
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미국의 RaaS 기업들
기업 서비스 과금 홈페이지 주소

Aethon 배송 로봇 1대당 한 달 사용료 US$ 1500~2000 https://aethon.com
Kiwibot 배송 1회 배달에 US$ 3.80, 월 사용료 US$ 14.99 https://kiwibot.com
Marble 배송 배달 건마다 비용 적용 https://www.marble.io
Nuro 배송 1회 배달에 US$ 5.95 https://nuro.ai

Robomart 배송 가게가 직접 소비자에게 ‘배달’되는 개념, 적재 단위에 따라 비용 다양 https://robomart.co
Savioke 배송 로봇 1대당 한 달 사용료 US$ 2000 https://www.savioke.com
Starship 배송 1회 배달에 US$ 1.99 https://www.starship.xyz

Peanut Robotics 청소 시간당 비용 지불 https://peanutrobotics.com
Maidbot 청소 로봇 1대당 한 달 사용료 US$ 419 https://maidbot.com

Cobalt Robotics 보안 로봇 1대당 한 달 사용료 US$ 6000 https://cobaltrobotics.com
Knightscope 보안 로봇 1대당 한 달 사용료 US$ 4500~8000 https://www.knightscope.com

SMP Robotics 보안 로봇 1대당 한 달 사용료 US$ 1500 https://smprobotics.com
Hirerobotics 공장 일주일 최소 40시간, 한 달 30일 사용 기준 1시간당 사용료 US$ 33 https://www.hirebotics.com

Kindred 공장 지능성 기능별로 지불 https://www.kindred.ai
Ready Robotics 공장 로봇 1대당 한 달 사용료 US$ 2000~4000 https://ready-robotics.com

RobotWorx 공장 계약조건에 따라 다름. https://www.robots.com
6 River 물류 사용 첫 해 로봇 8대당 US$ 250,000, 이후 1년에 US$ 50,000 https://6river.com

Fetch Robotics 물류 계약조건에 따라 다름. https://fetchrobotics.com
InVia Robotics 물류 Picking 동작마다 10센트 https://www.inviarobotics.com
Locus Robotics 물류 알려진 바 없음. https://locusrobotics.com

(출처: https://dream.kotra.or.kr/kotranews/cms/news/actionKotraBoardDetail.do?SITE_NO=3&MENU_ID=180&CONTENTS_NO=1&bbsGbn=243&bbsSn=243&pNttSn=183363)
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https://dream.kotra.or.kr/kotranews/cms/news/actionKotraBoardDetail.do?SITE_NO=3&MENU_ID=180&CONTENTS_NO=1&bbsGbn=243&bbsSn=243&pNttSn=183363
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RaaS 시장 전망
• ‘ABI Research’ 연구소는 2026년 RaaS로 달성 가능한 매출이 340억
US 달러(원화로 37조 원)에 이른다고 언급
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클라우드 로봇 시장 전망

(출처: Tractica)
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정리
• 클라우드 로봇 기술과 클라우드 플랫폼의 발전 성숙을 기반으로
로봇 응용 개발, 배포, 관리를 원격 시스템으로 처리 가능

• 이를 기반으로 로봇 플랫폼, SW 솔루션, 관제와 과금을 서비스로
일괄 제공하는 RaaS 비즈니스 모델이 가능

• RaaS는 로봇 활용 기업의 초기 투자 비용 절감과 로봇 적용 위험을
분산함으로써 로봇 시장 확장에 기여

• 솔루션 초기 개발 비용이 적은 대형 창고 물류를 중심으로 RaaS 초기
시장 형성

• 클라우드 플랫폼을 기반으로 한 로봇 지능 생성과 배포, 효과적
데이터 수집과 지능 증강, 로봇 지능의 지역 적응과 성장을 포함하는
＂클라우드 로봇 지능” 기술을 통해 RaaS 적용 범위의 확장 기대



감사합니다.
실환경에서 잘 동작하는 기술을 넘어,

실환경에서 잘 학습하는 기술을!

An important challenge for machine learning is not necessarily 
finding solutions that work in the real world, but rather
finding stable algorithms that can learn in real world. 

(Timothée Lesort, 2020)


