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SUMMARY 
 

 

Throughout the past few decades, the development of industrial robots 

and automation systems have developed enormously. Following the decrease 

in manufacturing costs worldwide and increase in potency, technology has 

completely reshaped the production operations. For example, the automotive 

industry is the dominating user of industrial automation systems enabling them 

to manufacture high-quality automobiles at economical rates. Robots have 

taken on many of the cautious production duties that need absolute clarity and 

repeatability. Robotic systems have brought massive socio-economics 

footprint to the life of humans over the past few decades. Robots have been 

deployed in different industries to perform tedious tasks, repetitive tasks and 

dangerous tasks which includes the doing assembling of parts, packaging of 

products and welding the objects. Such pre-programmed robots were prevalent 

in industrial applications because they give high performance, accuracy, 

rapidness and precision in the structuring of the factory environment. To 

extend the functionality, these robots are integrated with the cloud engine to 

encourage the exposure of the cloud robotics. The cloud Robotics gives robotic 

new paradigm to learn from the pre-examined experience of other robots. 

 

Cloud Computing is getting more and more famous due to 

intensification in applying a similar concept with robotics. The cloud grants 

the facility to perform the high computation or storing a piece of information 

on a large scale could be easily accomplished. Knowledge sharing could be 

done often more easily and in a proper manner by using less efficiency, less 

hardware and requiring less computational power. The applications of these 

defined concepts are defined as the “Cloud Robotics”. There have been various 

attempts to bring parts of the robot control program into the cloud. Each 

attempt focus on different features, for example, storing and sharing of 

knowledge, putting down computational tasks, coordinating distributed robot 

teams and faraway operating partly autonomous robots. 

 

The cloud Robotics relies on storing their perceived information on the 

cloud and uses the cloud robots could communicate with the isolated 

framework will also help them in order to attain a high level of performance. 

The cloud Robotics grants robots to be dispersed to among different 

contrasting computer systems running on the internet. The cloud Robotics 

includes robots that are connected with each other by using cloud services. 

Robots work with each other in a particular way they perceive information of 

the object and send the information to other robots by using the cloud 

framework. The cloud framework grants the facility to robots for sharing the 



x 

information at every single moment to update information and to obtain the 

work completed.  

 

In order to perform a specific task, a robot needs to acquire a knowledge 

of the defined mission to achieve of completion of the task. Using the facility 

of knowledge base the robots can easily make decisions based on the up to 

date data gathered in the cloud engine. Instead of doing programming for a 

specific from scratch, this will be very expensive to do this. Subsequently, the 

cloud engine helps the robots to query the cloud engine and in the result of the 

query to decide gathered knowledge from the cloud. Other than a compiled 

program, knowledge assembles and could be constituted in a commutable 

manner. This process grants the potential to the individualistic update of 

various parts of the knowledge base by experts in the corresponding domains. 

The central knowledge base in the cloud robotics, these the cloud knowledge 

base systems could distantly edit its content and post the updates to a sizeable 

amount of robots at various locations. In this real-world exceptions are always 

there to happen, in robotics exceptions could also be happened such as missing 

information is a big exception which should be handled to accomplish any 

task. If these exceptions are not handled at a time this can lead to a loss in huge 

amount and this loss is not refundable so these exceptions need to be handled. 

By using the cloud engine, this problem can be solved by robots via queried at 

every step if they have a lack of knowledge. Robots can ask Cloud Engine for 

the missing information to accomplish the task, and the cloud can solve their 

exception problem. 
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CHAPTER 1: 
 

INTRODUCTION 
 

 

Knowledge processing and sharing being a meaningful and definitive 

procedure for cognitive robots that delineating and seeing unclearly 

distinguished tasks. The motivation behind knowledge processing is to make 

robots progressively adaptable to general execution and carry on productively 

and independently. While playing out the proposed tasks, a robot requires 

precision and control program. The cloud-based knowledge sharing in robotics 

works as a computing resource to empower robots crossing over the 

disturbance or hole in the obscure depiction of tasks. The significant 

information for the execution of day by day unplanned manipulative task. A 

knowledge processing system requires depiction dependent on rationale giving 

activity focused mechanism in explicit component, perception and experience 

are acquitted through cognitive ground concepts, rational thinking, multitenant 

applications (IoT) and uncertainty management. Robots will have a more 

precise vision with it and will lend a helping hand towards humans. With this 

program, a robot will think on its own and will be able to perform different 

tasks demanded by a human. It will also be able to understand human 

languages, and the interaction of robots with humans and humans with robots 

will become simpler and easier (Stenmark & Jacek, 2015). 

 

The cloud robotics, with the assistance of cloud computing, uses shared 

resources and incorporates learning in robots through the internet. The cloud 

model encompasses some crucial characteristic, service models and 

deployment models that plan the execution of the task and enabling the cloud 

computing to be reasonable, lighter, smarter robots. This infrastructure exists 

and is evolving rapidly in accordance with accessibility performance. The 

cognitive automation in robotics is used for critical processes, i.e. mimics 

qualitative human actions, for predictive decision making and sensing natural 

language processing, the rule-based process in dynamic self-adaptable 

cognitive analytics. The cognitive system is inclusive of perception, learning, 

composite realms of mind, intelligence and the experience learned in the 

artificial mind. 

 

Knowledge sharing behaviour scale is a mechanism of delivering 

knowledge by viewing different aspects. It is a standard made by the 

community of scholars, and the knowledge shared in this mechanism is 

certified (Ramayah, Jasmine, & Joshua, 2014). Seeking knowledge and 

implementing it in daily routine makes life much comfortable (Husain, 2018). 
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Knowledge must be shared with a group of robots at the same time. It will be 

very time consuming if knowledge is shared individually to the robots. For 

this, it is necessary to provide a platform to the trainer where the robot can 

share knowledge and robots can simply gain them and settle their selves 

according to it (Al-Rasheed, 2014). Information processing is done on the 

cloud. 

 

 

Figure 1: Workflow of Knowledge Sharing in the Cloud Robotics 

 

Figure 1 is showing the workflow of knowledge sharing scheme in the 

cloud robotics. It is focusing on the internal mechanism of all hierarchal 

components. Knowledge sharing is the part of knowledge management of the 

cloud robotics. Knowledge must belong to a specific purpose to solve the 

problem of any assigned task. In the real-time system, there are a lot of tasks at 
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the same time, so it essential to select the relevant task using attention 

mechanism of robotics. 

 

 

1.1 CLOUD ROBOTICS 

 

The cloud robotic technology is a modern service-oriented smart 

manufacturing model which is based on knowledge. The cloud robotics 

composed of robotics, artificial intelligence and cloud computing. Robots 

which confront a problem which was beyond their programming they would 

use the “search engine” to query the World Wide Web to obtain a solution. If 

this technique is adopted, the robot would be self-directed, and the cloud 

would return a piece of knowledge in such a way that the robot can understand 

the obtained information from the cloud.  

 

The cloud computing is the accessibility of computer system resources 

on runtime for saving of information and computing power. The cloud 

computing approach works on sharing of resources to attain impartially and 

economies of scale. Robots are equipped with sensors. The cloud computing 

has restructured the mechanism of people daily life and how they conduct their 

daily tasks, and now the cloud computing has approached robotics these days. 

In the area of robotics industries, there is massive growth in the application, as 

the cloud robotic is empowering to utilize the power of the cloud computing, 

the cloud storage and various technologies centered towards the incorporate 

framework and the benefits of mutual services. The trend of robotics is rising, 

and this trend is applied in industrial robotics, and it is permitting administered 

autonomy and machine learning. The cloud robotics now enabled for human-

robot interaction at high-level learning, and it is participating for the 

transformation of companies regarding the digital transformation. Due to the 

rise in this domain, the cloud robotics also have a threat of security. Most of 

the industries are focusing on this threat. More solutions for this threat are also 

growing thanks to the cloud computing which grants the facility to store the 

heavy and computational tasks to the cloud engine with cognitive collaboration 

and the massive increase in the obtained data to share with supplementary 

machine and humans. 

 

Cognitive robotics are required to learn capabilities like linguistic 

communications, manipulation of the object, social interaction, perception and 

attention. Cognitive robotics have characteristics for adopting environment and 

learn to handle and employ on object and tools autonomously, to cooperate 

with other robots and humans and tries to adapt their abilities to changing 

social and environmental changes (Kuhn, Christian, & Oskar, 2011). 
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1.1.1 Cloud Computing 
 

The cloud computing is a worldview of Internet processing frameworks 

to such an extent that figuring, recollection, and data are communal amongst a 

lot of gadgets having a place with a system. Distributed computing is 

measured as one of the latest advancements in figuring ideal models. The 

meaning of distributed computing gave by the US National Institute of 

Standards and Technology (NIST) includes increased huge fascination inside 

the IT business. As indicated by this definition: 

 

“The cloud computing is a model for allowing appropriate, on command 

network approach to a divided pool of configurable computing resources  

(e.g. servers, applications, services, networks and servers) which could be 

swiftly furnished and liberated with slightest management effort or service 

provider interaction” (Tepsic, Mladen, Dejan, & Nadja, 2015). 

 

The cloud computing proposals an extensive scope of flexibility and 

self-serving processing assets as per the framework prerequisites (Proia, Drew, 

& Kris, 2015). It likewise helps in lessening framework costs for some 

activities. The cloud computing set up an expansive scope of utilizations in an 

assortment of fields, for example, assembling, robotization and regulator 

applications (Durrant-Whyte & Tim, 2006). 

 

 

1.1.2 The Cloud Enabled Robots 
 

The associated with the cloud computing and robotic technology is 

viewed as mount to assemble apply autonomy. A professor at Carnegie Mello 

name Jame J. Kuffner working at Google in 2010 was the first to who 

originated the delivery of “Cloud Robotics” and illustrated various potential 

preferences (Arumugam, et al., 2010). The idea of Professor James J. Kuffner 

is to grants the robot to get smarter, less expensive and get lighter. According 

to J. Kuffner, “robots have access to the cloud to deposit CPU-heavy tasks to 

remote servers; these methods helped to rely on their less power computers. 

Robots can come to the cloud to enlarge their capabilities. Later on, the 

concept of “No robot is an island” was introduced by Steve Cousins  

(Ken, et al., 1995). 

 

The robots inside the framework to get favourable circumstances of the 

availability to the cloud and the conceivable contact to every one of the robot's 

sensors privileged the cloud. The cloud computing was acquainted by way of 

an answer with numerous obliged issues designed for organized robotics. 
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These issues incorporate constrained figuring power, inaccessibility of 

sufficient extra room, and absence of correspondence and steering 

conventions. Organized apply autonomy was considered as a transformative 

advance while in transit to the cloud apply autonomy (J. Ramírez De La Pinta, 

2017). An overview of research on the cloud robotics and mechanization is 

introduced in (Kehoe, 2013). 

 

 

1.1.3 Benefits of the Cloud Robotics 
 

The Cloud Robotics is swiftly progressing field which grants robots to 

deposit expensive computation and storage of expensive computations tasks to 

the cloud engine. Robots have their limited capability to do the computational 

tasks they do not have computational power, memory and storage to 

accomplish these expensive tasks. However, the cloud engine grants the 

massive amount of computation power, memory, and storage, besides also 

provides the collaboration to different working robots. 

 

The cloud Robotics is stand up the field of embedded robotics that can 

facilitate the robot to approach the massive amount of processing power, 

depositing of data, putting down a load of computation tasks. Such as the 

processing of images, the cloud can be used to access the preprocessed images. 

For voice, recognition of the cloud will be straightforwardly utilized the 

experience of other robots could be utilized to perform the new task. In future 

the applications of the cloud robotics will grant a lot of benefits, the 

advantages of the cloud robotics are below: 

 

 

1.1.3.1 Offloading Computational Tasks 

 

The robot does not need to keep a lot of information gathered from the 

sensors they can easily deposit these type of information to the cloud to share 

with other robots and also offload their memory consumption. This facility not 

only grants the robots to perform smoothly in an unstructured environment but 

also give the ability to usage of less memory. Robots will run lighter and less 

expensive tasks on hardware and perform expensive tasks on the cloud. 

 

 

1.1.3.2 Access to Data 

 

Robots can be easily acquired the information and knowledge from the 

cloud to execute the tasks by using databases in the cloud. Robots do not need 

to create the database and also do not need the maintenance of the database. 
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1.1.3.3 Knowledge Sharing 

 

The cloud Engine grants the platform for robots to exchange information 

and to acquire new skills and knowledge from other connected robots. The 

database could be easily hosted by the cloud or library of skills or behaviours 

that map to various tasks requirements and environmental complexities. 

 

 

1.2 KNOWLEDGE MANAGEMENT 

 

Information is a processed, organized and structured data. Information 

carries logical meanings and exact details about something. Information is a 

condensed form of data, and all the anomalies are removed from information 

in the processing step. The information allows to make cognizant decisions by 

presenting relevant data in a way that can be used to make actions. Information 

not only helps to make actions; however, it also allows to avoiding duplication 

in the exploration. Information permits to generate different information based 

on the existing knowledge by finding significant insights into the information. 

While the data is based on only the observation and records, on the other hand, 

the information is built on a proper analysis (Hu, 2012). 

 

 

Figure 2: Transformation of Data into Knowledge 

 

As shown in Figure 2, facts and figures are the base of information 

processing. Information comes from various forms of observations and 

experiences. By absorbing a large amount of information, there are a couple of 

things that occur at the transition from information to knowledge. As the 

understanding increases through information, the actions become meaningful 
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throughout the system (Hu, 2012). Information is the individual piece; 

however, the knowledge is the complete puzzle. Knowledge is only attained 

when the individual pieces are combined together. This knowledge is used to 

transfer to robots to perform real-world tasks such as image recognition, 

speech recognition and many other tasks. The robot can only act if the robot 

has knowledge about the task.  

 

Knowledge acquisition is used to derive the structure and organize 

information from various experiences, which allows to introduce new 

information to the knowledge base and to modify if anonymously learned. 

Knowledge acquisition allows the assimilation of knowledge and the 

experience of different domains. The main aim of giving knowledge is to 

enhance the system‟s ability to improve the particular performance task 

consisting of data, processes heuristics, types, relationships or other useful 

information. Knowledge acquisition plays a key role in cloud computing 

(Russell & Peter, 2020). 

 

 

1.2.1 Importance of Knowledge in Robotics Industry 
 

Robots, enthralling beats that they are functioning well in regulated 

environments, which is why they are so extremely useful when you assemble 

vehicles, in order to perform repetitive tasks it requires precision and accuracy. 

If accuracy and precision are not retained, then these robots will not be useful 

in performing these tasks. However, place a robot in an unregulated world, and 

the robot immediately finds it much harder to work successfully. Bumpy 

terrain, quickly refashioning conditions of environments, these conditions can 

easily mess the capabilities of robot to accomplish a given task in a new 

unregulated setting. Assign a task to robot to navigate the environment on its 

own perception, and the problem will become more convoluted and harder to 

solve. Robot does not have any knowledge of environment and robot have to 

track a new environment; it will be costly and requires more computation to 

track new environment. 

 

 

1.3 KNOWLEDGE SHARING 

 

Robots are a mature technology, and it was a time when the robots were 

only restricted to the domain-specific tasks and operated on the well-

engineered environment e.g. in domestic applications such as vacuum cleaner 

and as a grass cutter. For the more deep tasks now the robots are tuned for 

these type of tasks, the one million of the robots deployed. These robots are 

modelled and programmed on the basis of the strategies of the environment 
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(Hu, 2012). This is an entirely appropriate method as this hand-coding practice 

is inexpensive and decent enough. This will be the case if the environment is 

well maintained and calm if the robots are confined in the scope and diversity 

with the only restricted with Human Robot Interaction (HRI). If the robot has 

to face tasks of different variety in a different variety of environment the robot 

must need to use different complex paradigm based on machine learning/deep 

learning and planning approaches to decide how to act in the environment 

(Cheng, Yifan, Dongxu, Fei, & Ping, 2020). Communicating of robots with a 

human is a complex process; it involves different methods such as hand 

gestures, head movements, gaze, speech recognizing, facial expressions etc. 

 

For instance, there are two different categories of items on the table, the 

one is the kitchen items placed on the table, and the other one is the stationary 

items. The robot needs to separate the kitchen items from the stationery items. 

The problem rises here the new robot comes and has to do separate both items 

on the table according to the prior knowledge or use the cloud information to 

solve this task. If the robots are facing the unseen situation, then it should need 

to adopt the cognitive methodology to behave on the new situations and from 

the outputs of these circumstances should need to absorb from this output and 

learn new abilities. The Convolutional Neural Network (CNN) can learn from 

a multiple-input and uses long short-term memory (LSTM) to keep this input 

in the memory for the short and use this at the runtime. CNN can play as a role 

in selecting the task, and LSTM sends the command to the robot for the 

cleaning in two different classes (Russell & Peter, 2020).  

 

Tracking of the robot is a task where remote robots perceive and follow 

a particular target. To track the target is one of the famous topics in the field of 

robotics. It examines at the place to allow the robot to obey the defined 

moving target, permitting the robot to perceive the target constantly. 

Supposing that robot has the capacity to track a bounded range of moving 

targets, how monitor cluster of remote robots to concurrently track a cluster of 

targets and at the same time minimize time when no target is tracked. When a 

target is allocated to a robot, the robot only has a limited amount of knowledge 

about his target, only with pre-trained tracker engine and with one labelled 

example object to tracking allocated in his first frame. After his victorious 

tracking, the robot can acquire a massive amount of knowledge regarding his 

target. The robot observes from the environment and from his observation, 

many appearances cause motion, occlusion, illumination and many disparities 

in knowledge. If collected information of targets could not be successfully 

shifted, then another group of robots redirecting towards the tracking targets, 

each of these robots need to gain information from the start. Learning from the 

start will be a very expensive approach because it will require a great deal of 
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consumption of power, a lot of CPU utilization, and a massive amount of 

tracking. 

 

The above-defined approach will be very expensive, and it can lead to 

failure. The data generated from a single robot is not stored for future tasks. As 

these real-time applications are working with exceptions and if these 

exceptions will not be handled, these can lead to ultimate failure, and such 

failure can lead to loss of high cost. To overcome the problem of knowledge 

sharing, we will adopt a method of artificial intelligence. The Cloud Robotic 

Engine allows the robots to share their experienced and fine-tuned knowledge. 

On the back-end of the cloud, a group of neural networks is running, and these 

different kinds of neural networks will be responsible for targeting different 

objects. The knowledge can be easily approachable by every connected robot 

and progress while it acquires more knowledge about the targets. This method 

allows robots for the adoption of a suitable neural network to stalk newly 

defined targets. Furthermore, all knowledge for targeting the objects will be 

inherited from their predecessors which have experienced these tracking, and 

other robots will work on their predecessors experienced approach. This 

approach not only helps in tracking also It will help them in tracking with low 

cost of time.  

 

 

1.3.1 Knowledge Sharing in the Cloud Robotics 
 

The concept of knowledge sharing in the cloud robotics refers to 

connect the robots with the cloud engine. The main advantage of connecting 

the robot with the cloud engine is enabling the sharing of knowledge among 

the cluster of robots. The experience of other robots and data is shared through 

this the cloud engine. The knowledge and experience gather among various 

robots, the data includes public datasets, and existing robots research projects, 

supports free learning, and among other robots, the sharing of knowledge. The 

approach of the cloud robotics allows the sharing of knowledge and communal 

learning among robots to become more accurate. There is no approach other 

than the cloud robotics which highly concentrates on knowledge sharing in the 

tracking of robots for the numerous number of targets, only the cloud robotics 

grants this facility for tracking and for knowledge sharing. 

 

The cloud Robotics engine is composed of a group of tracking engines is 

installed on the cloud to allow robots to track defined targets. Each engine 

acquires an algorithm for tracking which is established on Deep Neural 

Network. Deep Neural Network allows not only offline training of robotics 

robot, but it also provides the facility of online learning also. In online 

learning, the data comes from the experience of others in a continuous way. 



10 

The deep neural network grants the facility to robot to learn from online data. 

To acquire a knowledge of particular task, the online learning approach is 

used. Through the cloud engine it allows the knowledge sharing through 

initiating switching structure betwixt robots and tracking engines on the cloud, 

this structure enables robot to switch the tracking engine from preceding one to 

suitable one when targets are readjusted. One more affair established by the 

cloud robotic engine is the cloud robot combined following. For each frame, 

the area of interest is processed by tracking the engine on the cloud, other hand 

relative distance for the local robot for the target is calculated. 

 

The assumption for knowledge sharing is receiving and a description of 

the gathered knowledge. Knowledge is represented in the form of a database in 

some cloud projects such as RoboBrain. Knowledge base is created on the 

cloud to create a networked repository of information for robots, and 

repository boosts the capabilities of robot to learn and operate successfully in a 

diversity of unstructured environments, whether or not they were specifically 

programmed or not for this task. A robot that knows how to navigate in the 

particular environment could upload its method to the database and another 

robot, elsewhere in the world and faced with a similar environment, could 

download the method and appeal it to its problem. A key feature of the 

knowledge repository is to develop some systematized way of communicating 

information from robots to the knowledge database, where different robots can 

use this database. Knowledge acquired by robots in the process of tracking is a 

feature of moving target, which is tedious to represent in well explicit form 

and structured fashion. Most of the incredible benefit of using deep learning is 

you do not need to specify the features of the environment, and deep learning 

algorithms automatically learn features from objects dynamically. Deep 

Learning extract features and create a vector of features, and these vectors are 

used by robots to learn from purified features. In the cloud engine, the deep 

neural network is used for tracking engine to resolve the tracking problems. 

Pecking order features are powerful to divergent motion design are learned 

through layers of the convolutional neural network through supplementary 

sequences of videos, which is accomplished offline. Even though inclusive 

characteristics are vigorous to convoluted motion transformations in visual 

tracking, information of specific targets are not included just like the shape of 

object and texture of the object. Adopting a domain module solves the problem 

by complying the convoluted features online as stated by particular targets. 

Consequently target according to knowledge gained by every connected robot 

could be assembled. Robots mostly need to divert their targets on runtime 

related to the synchronized strategy of motion. To accomplish the goal of 

knowledge sharing among robots between the processes of diverting of the 

target, diverting approach is proposed on task-based.  
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Suppose a robot that locates an object and that object robot never seen 

and never observed this object. The cloud engine could be easily utilized by 

the robot. The image perceived by the robot will be sent to the cloud, and in 

the result of the query, robot will receive the knowledge related to object. It 

will receive instructions on how to use this from the cloud database. In the 

beginning, results of all the targets assignment are acquired. When any new 

target is allocated to the robot, the robot finds the defined tracking engine in 

the cloud engine according to a defined label of the target. If the robot did not 

find a defined target, it means the defined target is a new thing for robots and 

in past robot group never faced this target. A group of these robots does not 

have the knowledge of this defined target, and the robot is not familiar with 

this target. In this case, the robot assigned a new tracking engine in the cloud 

and initialized it with a new target label. If the analogous tracking engine is 

found, the previous tracking state is input to predict the tracking state. Finally, 

the feature of tracking engine and sample set is updated by this approach. By 

this approach, the knowledge of every connected robot gets updated over time. 

And if one robot have lack of knowledge, it can inherit from his predecessors.  

 

The cloud Engine grants robots knowledge in real-time. This makes 

robots to work smartly, by using the cloud engine can transport the power 

computation duty to knowledge database; this approach conduct to 

inexpensive and maintenance of robotic hardware is also an easy task. Both 

software and hardware could be easily updated in real-time without any loss of 

data. If in a group of robots, any robot which is filled with rust and dust could 

be used again and again completely by utilizing the infrastructure of the cloud 

hardware and software.  

 

 

1.4 TASK PLANNING 

 

Robots are becoming increasingly active in our everyday lives, offering 

assistance in many ways from industrial employments to domestic workout. 

The human can perform these actions, but these actions are challenging for 

robots. Such tasks are defined by ultimate cryptic and conceptual instructions, 

which they seldom repeat and mostly carried out in fluctuating environments 

(Tosello, Zhengjie, Alejandro, & Enrico, 2016). Instead, robots now-days can 

execute an instruction via precise low-level directions and strong knowledge of 

their encircling. These constraints aim in the area of artificial Cognitive 

Robots. Systems that can perform on their own to accomplish goals by 

observing their environment. These robots learn from their experience, and 

according to their experience, they act. There are some limitations that limit 

their intelligence. First one is the absence of a medium to communicate with 

other robots and share their knowledge. The second one is due to the limited 
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capacity of onboard data amplification. Transferring a piece of knowledge on 

the cloud means developing a system which could be able to store and share 

knowledge for task planning. 

 

Problems of task planning are addressed by problem-independent 

solvers based on the illustration of the domain in demonstrative language. 

These planning systems are tremendously useful in application domains where 

various planning goals need to achieve. To develop a task planning system a 

demonstrative language needs to be chosen, followed by the choosing suitable 

solver which supports this language. This choosing process influences many 

different factors. Every language has its own constraints in defining task 

planning problems, and specific language-dependent techniques can need to be 

employed to formalize specific planning issue succinctly. Not all languages 

reinforce default reasoning, which could create complications in standardizing 

planning problems. A solver is commonly fixed with appropriate language 

does not support all features in that particular language; it needs accurate 

construction of domain definition using only supported features. The 

properties of the defined domain could affect how immediately given a pair of 

language and solver could solve planning problems. 

 

 

1.4.1 Task Planning in Robots 
 

Robots are mainly used in industry to perform different operations and 

plan their tasks. Task planning automatically identifies the domain and 

problem. Task selection has been a big problem in robotics, and it can be done 

with multi-task selection approach, single task selection approach and 

auxiliary task selection approach. The auxiliary task is basically related to the 

main task, and it will help to accomplish the main task. The link between 

auxiliary task and the main task can be classified in many ways, i.e. finding 

out the link or features of the main and auxiliary task. Different types of the 

auxiliary task may be statistical, selective supervised, supervised and 

unsupervised tasks. Robots require algorithms for task planning to the 

arrangement of actions to concerned with accomplishing goals that are 

unfeasible through individual actions. To program a robot is extremely 

laborious in complicated tasks requiring complex operation in three-

dimensional where those operations are synchronized by information through 

sensors. For nearly simple tasks executed by currently manufactured industrial 

robots, cost consumed in the programming of these robots can be proportional 

to the price of the robot itself. Thus it is only normal that methods to simplify 

robot programming should be a priority problem. Treating the operations of a 

robot only in terms of the effects on arbitrary objects appears to be one way to 

solve this problem (Tosello, Zhengjie, Alejandro, & Enrico, 2016).  
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To execute task described in a clarified manner, in workspace robot 

must need to acquire information about objects to found there, the relations 

between them, objects it is made of itself and permitted actions implying 

changes in those relations. Robots must need to acquire information about the 

representation of the workspace and also of themselves. Robots must be 

equipped with sensors to touch and visionary sensors which enables robots to 

make it possible to recognize objects and manipulation of objects for planning 

and updating of the model. Information acquired by robots must be altered into 

the working workspace of robots. In automation, a huge quantity of objects 

should be manipulated on real-time. If these manipulation face failures, It will 

lead to high cost. Moving data and bring computation to the cloud enables not 

only sharing of data, it also enables the robots to learn the stability and also 

enables the other robots to learn strategies used by other robots (Tosello, Fan, 

Castro, & Pagello, 2017). 

 

 

1.4.2 Task Planning in Cloud Robots 
 

Task Planning in the cloud robotics where the clouds build a system to 

able to store the data and share a massive quantity of data for outsourcing 

computation. The cloud Engine grants robots to offload from expensive 

computational tasks and to conduct intensive computation while meeting hard 

real-time restraints of operations. The cloud Engine is composed of ontology 

and Web-Server. Role of ontology is to formulate common vocabulary for 

robotics task and planning of motions. In the Web-Server, it gathers all the 

performed tasks, it tracks all qualitative and quantitative tasks, navigated 

environments and all information of manipulated objects. The cloud Engines 

stores also the visual representations of these objects point the clouds, images 

and meshes. Actions are stored on the list of Cloud Engine and executed by the 

robots. These stored and executed tasks valuable for the future usage of other 

robots. The cloud robotics build the cloud engine deploying computation with 

no real-time constraints (Hua, 2016). The cloud Engine contains the 

knowledge about robots kinematic model abilities of surroundings and objects 

is manipulated in the environment, and from experience, it is memorized in the 

memory. Navigation episodes which grant to relate information about what the 

robot saw and did, how these episodes are done and what effects these 

episodes. The information contains affordance-based actions and liking. The 

cloud Engine makes heterogeneous data from various robots explanation 

approachable in consistent homogenized concept terminology. The cloud 

Engine provides tools to robots to redeem, inspect and utilize stocked 

information and also utilized to compute new tasks and motion plans (Tosello, 

Fan, Castro, & Pagello, 2017). 
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1.4.3 Data Gathering 
 

Gathering, representing and sharing a huge amount of data across large 

scale in the cloud engine is challenging in many areas of data mining, natural 

language processing and machine learning (Tosello, Fan, Castro, & Pagello, 

2017). Many applications have been developed for these tasks, applications 

like WordNet, which is a lexical database specially designed for natural 

language processing. WordNet grants a large database of English. The 

database includes Nouns, verbs, adjectives and adverbs, which are grouped in 

a set of cognitive synonyms. IBM designed IBM Watson a question answering 

system skilled for pleasurable requests modelled in natural language.  

 

 

1.4.4 Cloud Engine 
 

Cloud Engine focuses on the assurance of knowledge sharing learned 

episode; therefore, these services will boost the learning of robots. Assume to 

ask robotic robot R to execute a new task T. The robotics robot R should send 

to the cloud engine its status with its functional and non-functional resources 

obligatory to solve the task T. Cloud Engine retrieve information and 

according to the given information, it will initiate set of actions and necessary 

action to solve task T. These tools are provided by the cloud engine to execute 

task T. 

 

Cloud Engine composed Object Recognition Engine for Robotics 

(CORE). Robots contain internally a node of ROS which collect segregated 

objects, and these segregated objects are sent to the cloud engine (Tosello, 

Fan, Castro, & Pagello, 2017). The cloud Engine composed of another ROS 

node qualified for reading the content of messages sent by robots. The 

connection between the robot and the cloud engine is created by rosbridge. In a 

setup of robots and the cloud engine of local ROS, robots initiate a request to 

remote rosbridge interface by using HTTP. The protocol of rosbridge is 

framing for sending JSON commands to ROS. It is used to connect with ROS-

based robots to the cloud engine which grants the interface burrowed by Web 

Socket connection. Rosbridge conveys information to robot, once the 

connection is created, information is sent back to the robot. It begins sending 

messages, once the connection is established, robots can query to the cloud 

engine. Robot query from the cloud and server reads robot query and server 

transmit the result of the query through JSON messages. When robots receive 

the response from the server is received by the robot, the response is generated 

through message and transferred into a ROS message (Tosello, Fan, Castro, & 
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Pagello, 2017). When exchanging of information is halt, then the connection is 

closed by using a request by HTTP. 

 

 

1.4.5 Information Retrieval 
 

Robots request from the cloud engine for the retrieval of manipulation 

of information of an object. Robots send message composed with its type of 

gripper and compressed with the cloud of workable object. To transmit the 

compressed point to Web Socket, that is encoded. In JavaScript Object 

Notation (JSON) the message is represented. When the server accepts the 

request of the client and it starts performing the super-fast search of the object 

inside the cloud Engine. Search is fast due to the hashing algorithm. Hashing 

algorithm grants establishing a dataset without learning phase. Hashing 

algorithm did not acquire training phase (Tosello, Zhengjie, Alejandro, & 

Enrico, 2016).  

 

 

1.4.6 Information Validation 

 

When the cloud Engine obtains a request message, the cloud engine 

calculates the features of request and after calculating it stores them on the 

features folder in The cloud Engine. In contrast, duplication of features is 

always kept on the first priority during insertion. The Cloud Engine ensures 

that no duplication is created in the server. For checking the duplication of 

functions, machine learning algorithms are applied for this purpose. K-means 

and Version Space have applied these algorithms calculates the precision, use 

computations of comparing instances. If similarity goes equal or larger than 

the defined threshold, then compared instances could be used to build a link 

with the same relation (Tosello, Zhengjie, Alejandro, & Enrico, 2016). 

 

 

1.4.7 Human Robot Interaction for Task Planning 
 

Graphical User Interface (GUI) is granted to assign tasks to robots, by 

using GUI humans can input task assignments with their functional and non-

functional characteristics in natural language. Robots take this data to the 

cloud engine and query the task. The cloud Engine outputs representations of 

task it gives back a plan from a geometric standpoint and also able to fulfil 

user preferences. The cloud Engine gathers knowledge about tasks and actions 

through the interaction of robots and humans, and these interactions are done 

by GUI. Human interacts with Robot by using GUI, the cloud engine lookout 

for a related object through filtering ontology by the description of the defined 
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object. The server sends back a message holding classes of a related object, 

where matches exist. After the confirmation of the cloud engine, feedback of 

human confirms object class and visual features are added. In these object and 

visual features not exist, it is added in the cloud engine (Tosello, Zhengjie, 

Alejandro, & Enrico, 2016). When a new object comes, the cloud engine 

manipulation planner produces a list of achievable manipulations, these plans 

composed of gripper pose according to object. Manipulations are composed of 

pushing and grasping.  

 

The knowledge base acquires the central place in the cloud, while 

remotely editing the content and deploying its update in different locations in 

the presence of a large number of robots. However, in this robotic world, there 

are certain circumstances in which robots encounter with the ambition of 

useful information that is required in the accomplishment of a task. By the 

utilization of a system that is based on the cloud, such developmental methods 

have been applied to robots that entertain the interaction with other cognitive 

robots. Knowledge possesses composability and can be constructed in a 

standard fashion. This research presented the knowledge enable task execution 

and processing for robots involving multitenant the cloud and equipped with 

the sensory environment. The robot will process information through 

numerous IoT sensors with multiple processors on the internal memory. 

Robots will possess self-knowledge for the frequency of load information 

sensed by the environment to store a little bit current or regular information.  

 

Consider a scenario in which different sectors encompass robots, i.e. IoT 

based cameras working in a smart environment. Each robot has self-cognition, 

and every two robots have one super-robot, they could interact with each other 

forming a hierarchical cognitive robot circle. This structure is replicated over 

different layers. By achieving this hierarchical cognitive structure, a complex 

task is alienated for completing it efficiently and effortlessly. 

 

 

1.5 SELECTIVE ATTENTION MECHANISM 

 

Selective attention implies the cognitive procedure comprising a robot in 

one or more sensory inputs, while other sensory inputs are ignored. Selective 

attention could be correspondent to how the congestion limit flow of fluid. 

Obstacle intercepts the liquid from entering the bottle body immediately; 

instead, it allows the fluid to flow in a prearranged amount of flow until both 

come into the bottle body. The selective attention of the robot is necessary to 

perceive the sensory stimuli and to act deliberately in the multi-stimulating 

environment so that the robot does not feel over-sensitized. 
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Self-organization capabilities in robot behaviour provide small service 

structures for self-organized events, where robots engage in three different 

levels of connection and planned situations with different workloads. 

Moreover, robot‟s behaviour is planned to work simultaneously in analogous 

and parallel conditions, but in the context of service structure, that is, the robot 

will do many behaviours simultaneously, though just one service structure will 

be executed individually. 

 

 

1.6 APPLICATIONS OF THE CLOUD ROBOTICS 

 

First and foremost, robots remained structured in addition intended to be 

used as modern robots through basic, dreary and restricted undertakings (J. 

Ramírez De La Pinta, 2017). Notwithstanding, through the headways of the 

cloud robotic advancements, robots are turning out to be lighter and more 

astute (Proia, Drew, & Kris, 2015). Meanwhile, improvement in the most 

recent period, there has remained a positive development in the utilization of 

cloud robotic autonomy. These applications spread a wide range of uses and 

administrations in various areas counting shrewd urban regions, transportation, 

human services and recovery, housekeeping, condition observing, and 

diversion (J. Ramírez De La Pinta, 2017), (Kehoe, 2013). 

 

In the cloud-based robotic technology, robot components appreciate 

approximately ground-breaking points of interest like the availability to large 

information and shared information, and the capacity to move calculation 

concentrated assignments to the high figuring assets in the cloud. These focal 

points empowered the cloud robots to be sent all the additional proficiently in 

old-style robotic applications, for example, synchronous confinement and 

mapping (SLAM), getting a handle on, and route (J. Ramírez De La Pinta, 

2017). In SLAM applications the robot limits itself in an obscure situation-

dependent happening structure plots aimed at the earth. Pummel systems are 

computational besides information concentrated calculations that make could 

robots have an incredible favourable position in such applications. A case of 

these systems is Fast-SLAM which can be executed in similar preparation in 

the cloud structures. Getting a handle on is the additional regular job in the 

arena of robotic autonomy. This errand can be computationally costly and 

requires getting to an immense measure of information when the focus on an 

object is obscure. In addition, sending the cloud robots for this errand 

empowers the robots to profit through the mutual preparation and learning 

experience. A case of this sort of assignment can be found in where the cloud 

robotic autonomy framework was proposed for recognizing and getting a 

handle on basic family questions dependent on Google Object Recognition 

Engine.  
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Distinctive the cloud applies autonomy has been planned and sent to 

help a few administrations as a piece of a particular application at various 

unpredictability levels. Right now, the term "robot-as-an administration" 

(RaaS) was authored to depict such robot components. Examples of such cloud 

robot units are robot cops, robot servers, robot pets, and patient and old 

thought robots. A noteworthy number of these applications depend 

overwhelmingly upon association and talking with individuals (known as 

human-robot communication (HRI)). Right now, units rely upon observation 

(could be language, sentiments affirmation or even body enunciations) and 

exercises. 

 

A worth referencing model starts from Carnegie Mellon University and 

the Intel Pittsburgh Laboratory where a phenomenal help robot was arranged, 

made and named as Home Exploring Robotic Butler (HERB) where its chief 

work is to consider the more seasoned and the incapacitated people. Such 

assistance anticipated that entrance should a tremendous proportion of shared 

data and experience accumulated from different robot units to cover and deal 

with a vast extent of potential circumstances and coordinated efforts. 

 

Another model can be found in where the authors arranged a the cloud 

robot furnished with a camera fit for guiding debilitated people to 

acknowledge free visits in displays and live comprehension by letting them see 

unequivocally what the robot is finding persistently. When in doubt, the cloud 

robot units could expect different allotted occupations as assistive 

advancements in schools, houses, and work environments. 

 

For a better understanding of its working, consider a Hotel‟s building 

having this hierarchical cognitive structure implemented and each floor 

comprising of cognitive robot circle. The task, which these robots are going to 

perform here, is to predict and regulate attention by using their self-cognitive 

behaviour. The robots will start working by observing vehicle parking in the 

parking area. Robot‟s intention and attention mechanism will begin working to 

perceive the information related to customers‟ activity to predict its behaviour 

and to regulate the attention of system towards serious customers on the basis 

of past experiences. By this, robot could predict what a customer will do, e.g. 

robot could predict whether the customer will go to the receptionist to book a 

room or will go to the waiting area and will regulate the attention of system 

toward most to least beneficial customers to their hotel. 

 

The medical domain consists of many services which include disease 

diagnosis, medical records, patient health management, and medical report 

analysis. Medical domain is a very convoluted system, and these systems 
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contains a variety of functionalities. In medical the cloud robotics a robotic 

robot can get connect to the cloud to supply the clinical services to tolerant, the 

robot can also carry support to doctors (Burgner, Jessica, & Howie , 2015). 

Robots can supply a participation service through the sharing of information 

among different doctors and also to caregivers regarding clinical treatment 

(Dorfberger, Esther, & Avi, 2007). A domestic robot could be easily deployed 

for the maintenance of health and life of elderly people. The robot can 

supervise the elderly people and can give up-to-date treatment to those elderly 

people. Robot gathers the health status of patients, and by using the cloud 

engine, it will share this information to the cloud to facilitate doctors and 

elderly people‟s. Medical robots can prevent patients from falling through the 

early management of plans. Doctors can get easy notifications when an 

emergency happens through a cloud connection. By using the cloud engine, 

robots can easily update their knowledge if any report comes the robot has 

never seemed that robot it can easily use the cloud to obtain the information 

regarding disease and easily get the knowledge of disease from the experience 

of other robots. This paradigm not only saves time, it also opens the doors to 

monitor diagnosis, which is tedious for human and also time-consuming 

(Beasley, 2012). 

 

 

1.7 THE CLOUD ROBOTICS IN INDUSTRIAL REVOLUTION 5.0 

 

An industrialist in different industries has long used robots to implement 

composite tasks. However, robots are progressing for even greater usefulness. 

Robots are becoming more self-governing, tangible and collaborative. In time 

they can interconnect with different robots, and they can work with different 

robots and can also learn from their experience. These can create a less cost, 

and their performance will be high. They can be used on the manufacturing 

side. These robots can work evenly with humans, and they are equipped with 

sensors which allow them to perceive human nature and reactions. Industrial 

robots which are the Industry‟s 4.0 key drivers, they have progressed greatly in 

the last ten years. These robots are becoming more and more productive at less 

cost. Such as smart industries, which will be going to be the heart of Industry 

5.0, will take off information and communication technology for an 

advancement in the supply chain and production line that will bring a high 

level of automation with the power of cognition. It means cognitive machines 

can be used to perform the optimization, self-configuration and even uses 

artificial general intelligence to accomplish the compound tasks, to convey 

enormously loftier cost efficiencies and better quality goods or services 

(Aissam, Mohammed , & Mohammed , 2019). From all of the evolution of 

cloud robotics, various companies are now focusing on the development of 

robots. Different organizations and key players have research departments 
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considerably. These research departments support the development and also 

provides the automation of manufacturing processes. 

 

 

1.8 MOTIVATION TOWARDS TASK PLANNING IN CLOUD 

ROBOTICS 

 

Probably, the most difficult challenge is this area of research is to 

implement knowledge sharing amidst heterogeneous robots provided with 

hardware properties with other capabilities. To illustrate this a monkey and 

banana is a democratic challenge in which a monkey has to reach to bananas 

which are hanged upon the ceiling. The monkey is provided with stick and 

chair to reach its goal. The monkey requires an ideal instruction sequence to 

complete the task. (Johannßen F. , 2014). 

 

In regard to knowledge sharing robots, if a robot desires to share its plan 

with the heterogeneous robot, there might be a chance that is not helpful for 

other robots. To figure out this challenge, the feasibility of a plan is practised 

by an intelligent reasoning system. To make heterogeneous robot communicate 

a middleware is used to assist properties related to robot specific hardware 

(Chen, Zhihui, & Marcos, 2010). 

 

It is an impressive test to deal with the data that is gotten from numerous 

sensors in the event of visual observation by the robot. To take care of this 

issue, a visual component acquaints with effectively over-burden to handle the 

basic online leadership in social specialists. Visual consideration is 

independent in less engaging (Dorra Ayedi, 2018). 

 

Some tasks impose a lot of burden on a single robot, making them 

unable to execute that job effectively. To overcome this issue, network 

robotics initiated where a group of robots work together to share their 

computation power and information that will lead them to perform the task 

efficiently. A robotic network system is connected via wired or wireless 

communication network that forms an ad-hoc network to communicate and 

share knowledge to solve the global task cooperatively. The human operator 

controls or manipulates this network; therefore, networked robotics 

applications can be classified as a teleoperated robot or multi-robot (G Hu, 

2012). 

 

In multiparty interaction, group of network robots interact or coordinate 

with each other to execute their task. Robots perform their job efficiently by 

sharing their resources, information and computation power. However, the 

ability of learning of network is limited. Robots perform well in a static 
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environment where the map of the environment is stored into each robot 

connected in the network. When the network robotics is placed in a new 

environment, it increases the learning rate, as a new map is stored in the 

memory of connected robots. The knowledge base that maintains maps of the 

environment by the network robotics is also limited. As in the network, each 

robot is connected to another robot like a mesh, so every robot has map of each 

possible destination. The processing rate of the network is also limited, delay 

or unexpected outcomes will occur when robots are performing task via 

coordination. To overcome these problems, the authors enlarge the concept of 

network robotics to the cloud robotics so that robots execute their job 

effectively by sharing and storing their data on the cloud. Robots transfer 

heavy computation tasks to the cloud that lead to lighter and cheaper hardware, 

and software can also be updated in real-time without losing any information. 

It will enable robots to communicate and coordinate in such a fashion that they 

perform their task effectively. 

 

This is a selective system of attention so that the cloud cognitive robot 

can consciously access the stimulus, making the robot feel overloaded. So the 

robot can selectively filter large amounts of sensory information in order to 

focus on multiparty interaction in a stimulating stimulus. This allows the 

cognitive robot to focus on relevant details ignoring trivial things. The 

conception of the cloud robotics brings on many troubles with many benefits 

and applications. The problems need to be solved by the developers of the 

robotic system based on the cloud. This research manifests opportunity to 

anticipate with challenges faced by developers who are eager to produce 

platforms to offer efficient robotic algorithm are implemented as a service or 

are shared on the system for specific robotic knowledge (Koubaa, Jan, 2019).  

 

In the cloud, once remote servers swap knowledge and computation, the 

conveying of information prevailing between robot and the cloud services 

plays a vital role, concerning functionality and performance in the cloud 

robotic system. 

 

 

1.9 PROBLEM STATEMENT 

 

In the network robotics, it is challenging for the robots to share the 

knowledge of tasks they had experienced. In this case, every robot will initiate 

its task from the beginning making the system slow. The system where 

multiple robots working on different layers that are the levels of the hierarchy 

of an organization, there could be a load of processing, and redundant 

information about object and environment as a task performed by one robot 

could be the part of other robot‟s complex task. To overcome this problem, an 
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open knowledge base will be used. The robot will perform its task and keep 

the knowledge related to that task in the knowledge base, which is used by 

another robot to perform a more complex task. The knowledge in the 

knowledge base will be updated by the robots whenever they encounter any 

change in their environment. Every robot can benefit from other robots‟ 

experiences and knowledge so that there would be no need to execute a single 

task twice. The robot will maintain self-knowledge base containing properties 

of objects and environment that will help robots in task planning and 

forecasting. For efficient execution of a task, robot will use selective attention. 

 

 

1.10 RESEARCH QUESTIONS  

 

Following research questions have been formulated for this dissertation; 

 RQ1: How robots can share knowledge to the cloud for the end 

consumer? 

 RQ2: How shared knowledge will be valuable for task planning to 

other robots? 

 RQ3: What is the impact of cognition in the cloud enabled 

robotics for task planning? 

 

 

1.11 RESEARCH OBJECTIVES 

 To use the cloud inspired knowledge-base for knowledge sharing 

in a group of robots. 

 To maintain the load of processing and redundant information 

about task performed by one robot could be the part of other 

robot‟s complex task. 

 To utilize the power of cognition for the tasks of the cloud 

robotics. 

 

 

1.12 THESIS ORGANIZATION 

 

The dissertation is organized into five chapters. A brief description of 

the contents of each chapter is given in this section: 
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Introduction: This chapter provides an overview of the dissertation 

describing the introduction, essential terms related to this research, 

motivation, research objectives, research questions, problem statement 

and thesis contribution. The workflow of knowledge sharing is given to 

understand the complete functionality of task planner the cloud robotics. 

Literature Review: This chapter gives a detailed background of this 

research. A detailed literature review of the cloud robotics, knowledge 

sharing, task planning, and cognitive robots collaborative working is 

given. This chapter also presents the gap analysis between the cloud 

robotics architectures based on key features and characteristics.  

Proposed Methodology: Contribution of this research starts from this 

chapter. The proposed model, which integrates cloud computing and 

cognitive robotics, is presented. Initially, an abstract model is given; 

further, a detailed model is presented, and finally, the functional 

description for each component is given.  

Simulation and Validation: This chapter gives the model analysis 

performed during this research. The proposed formal model is analyzed, 

verified and checked using Neo4j, Google The cloud Platform, and web-

based tools. Analysis using tools has ensured that the proposed model is 

correct and works successfully. 

Conclusion and Future Work: This chapter presents the 

comprehensive outcome of the complete dissertation. It also provides 

the limitations and future extensions of the current dissertation. 
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CHAPTER 2: 
 

LITERATURE REVIEW 
 

 

Knowledge sharing is a mechanism of sharing past experiences, 

information related to environment and objects with other robots connected in 

a network to execute some task. Robots do not need to learn on their own local 

knowledge base. Instead, they can get knowledge from other robot‟s 

experiences. To enable robots, that perform human-level undertakings 

adaptably in fluctuating conditions, a knowledge sharing mechanism is 

required that licenses them to trade knowledge between themselves for crowd-

based outsourcing the information gap problem. This could be done through 

openEASE equipped with ontologies and execution logs (Asil Kaan 

Bozcuoglu ˘, APRIL 2018). The sophisticated robot hardware is required with 

a vast knowledge base to develop an efficient and reliable robotic system. 

There are complex computations will be done on the cloud to create lighter 

and sufficient knowledge base for robotic systems. To eliminate the need for 

powerful on-board computer, smaller and battery effective robots with their 

brain in the cloud can be used, which provides infinite memory that could be 

instantly available to other robots for easy exchange and modernise of 

knowledge independent of robotic hardware (D. Lorencik, January 31 - 

February 2, 2013), (Sheta, Nazeeh , Hossam , & Ali , 2019).  

 

The robot collects information about an object from the environment 

and stores it in a shared knowledge base. If another robot encounters the same 

object in the environment, it can retrieve relevant information regarding the 

object from the knowledge base and update it if robot finds new information 

about the object (U.S. Patent No. Shared robot knowledge base for use with 

cloud computing system. Patent 8,639,644, January 28, 2014). For robots to 

work in dynamic environments, they must be capable of performing tasks 

autonomously through reusability of the knowledge or experiences regarding 

the environment or objects for complex tasks so that there would be less 

redundancy. To expedite robot learning, sharing knowledge and lowering 

redundancy, activities are organised in order so that a task defined by one 

activity can be part of another more complex activity. 

 

RoboEarth emphases on reusability of data for this it stores 3D 

computer-aided design model and picture information for objects. Maps are 

saved as compressed files, containing map pictures and detailed information 

such as an additional frame of references (Waibel, et al., June 2011). A robot 

working in an environment for the first time can take advantage of the data 
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recently put away by different robots working in a similar situation. The robot 

needs to give its Semantic Robot Description Language, and thus RoboEarth 

provides all the data required to accomplish the task. For this, the semantic 

mapping framework joins a visual simultaneous localization and mapping 

guide of objects with a cosmology representing the information. For 

reusability of knowledge by the robot itself or different robots, the resultant 

information after execution is also stored in the knowledge base. (Luis 

Riazuelo, Moritz Tenorth, Daniel Di Marco, Marta Salas, Dorian Gálvez-

López, Lorenz Mösenlechner,, April 2015). RoboEarth is planned to be a web 

network by robots for robots to independently share portrayals of errands they 

have experienced, models representing objects and situations they have 

investigated. There is a need for a formal language for describing robot 

knowledge with the intention of exchanging it. Formal communication is 

required by the robotic system for representation and exchange of knowledge 

among robots working in an environment. RoboEarth database techniques 

empower robots to download the data expected to execute varied tasks, 

including depictions of the activities to perform, object models and a portrayal 

of the environment. (Moritz, Alexander, Reinhar, & Michael, 2013). Robots 

can improve their learning mechanism through The cloud Computing, which 

allows heterogeneous robots to exchange information about plans, objects and 

environments among each other. Robots are no longer on their own they can 

benefit from the experience of other robots by downloading and executing 

abstract plans from RoboEarth (Johannßen F. , 4 June 2013).  

 

The information would be represented in knowledge base semantically 

and the semantic learning in the robot system can embody data of assembling 

errands, robot model and plan decision in the cloud information sharing 

procedure. An information advancement system of industrial the cloud 

robotics dependent on the methodology of learning procurement, intuitive 

distribution, continuous updating is built up and innovative design of industrial 

the cloud robotics, learning sharing is likewise created. As new gathering 

endeavours arrived, the robot downloads undertaking focused data models 

from the cloud platform, and after that picks the perfect package and updates 

the cloud information by iterative simulations (Jin, et al., June 18-22, 2018). 

The knowledge is represented semantically in knowledge base, RTask an 

online knowledge base that permits to store inhomogeneous information from 

various robotic autonomy sources. This data is made semantically available 

with the goal that robots can question RTask while overlooking the 

algorithmic subtleties of its design. The robot sends the undertaking to be 

performed and its workspace to RTask, the Engine will yield the succession of 

guidelines for the robot to pursue. (Tosello, Fan, Castro, & Pagello, 2017) 
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To perform the task efficiently and in a real-time environment, robot 

control decisions can be revealed in terms of indicated tasks that are assessed 

based on information during job execution by modularizing applications, 

figuring out dynamic environment, task and robot specific knowledge 

mechanism and representing them in the knowledge base, i.e. shared among 

perception modules unambiguously (Hagita, Miyashita, Tenorth, Kamei, & 

Satake, 2013). To limit the time span in which a specific target is being traced, 

the cloudroid tracking approach is used which adopts the deep neural network 

and its web-based tuning systems to empower the knowledge amassing and 

knowledge sharing through the support of the back-end the cloud infrastructure 

(Bao, Wang, Ding, & Shang, 26 October 2017). 

 

A knowledge engine which learns and shares representation of 

knowledge to accomplish various tasks. There is a need to build a model that 

contributes to a great challenge of conducting multiple modalities of inputs 

including haptic senses and symbols, following robot trajectories, natural 

language and visual features accompanying many others. While performing 

various tasks, the robot gets stored knowledge from multiple entities including 

the physical interaction that robots experience while taking perception, 

planning and taking control, going through knowledge bases through the 

internet and acquired representation from respective robotic groups. The 

technical aspects and related challenges say as modelling, conformity of 

knowledge, and deducing latent information devising different robotic tasks as 

a query to the knowledge model have been described. The architecture of the 

system and its support system mechanism for different users and with the robot 

to interact with the model has been talked about. All over the last decade, 

several large scale application of knowledge systems have come into being. 

The examples embrace Google knowledge graph, IBM Watson. These systems 

can be answerable to our many daily used questions and are not fashioned for a 

particular task which makes them substantial for humans. The sources of 

knowledge combined by researchers include mining of data with domain 

specific knowledge, natural language processing, images and speech 

recognition are particularly designed for humans, and their authors are from 

the department of computer science, and namely, the institute is Cornell 

University and Stanford university (Saxena, et al., 2014). 

 

The resources of the cloud endow the robot with new capabilities in 

several areas. The visual processing comprehends classification of the image, 

detection of target, segmentation and description of image and 

acknowledgement of character. By attaining a strong background from the 

knowledge base, the semantic interpreting is passed through depth learning, 

analyzing multi-intention and emotion with the proper realization of user intent 

with precision. The algorithm of detection is based on depth learning, i.e. 
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detection of a face in video streaming, blur face, side angle of the face. The 

extension includes map navigation and positioning either indoor or outdoor, 

environmental interpreting, item recognition both universally and typically 

followed by text and voice interpretation. The emerging applications of the 

cloud robotics are likewise at the early developmental stage or are to come 

forth. Many renowned companies like amazon and Jindong distributed a 

system which is called logistics robot system. The main identification of a 

logistic robot system is the automated guided vehicle. The companies are also 

examining the use of aerial drones over logistics. The automated guided 

vehicle, when connected to the cloud accomplishes unified scheduling with all 

other automated guided vehicles acting upon as a single system for maximum 

level efficiency. The automated guided vehicles can be accommodated with a 

vision system and video system in a machine which could be carried to the 

cloud base to entertain diversity of situations. Finally, this will make the 

automated guided vehicles to come forth to public places from the controlled 

areas (Simsek, Adnan, Mischa, Joachi, & Gerhard, 2016).  

 

In populace, the security inspection is performed by the cloud robots 

substituting personnel security. The security robot collects videos and captures 

images and share it with safety the cloud where it goes through real-time 

recognition of suspicious events and people. The robots with such mechanisms 

are being used in china airport Shenzhen. In places like banks, hospitals and 

enterprises, robots are used to guide visitors.  

 

The cloud-based cognitive robots rely on the convergence of cloud 

computing, cloud storage, and various internet technologies, as well as the 

integration of infrastructure and shared services. It permits robots to enjoy the 

effective computational storage, and communication assets of current records 

facilities (Goldberg & Ben, 2013). Similarly, it eliminates overhead for 

preservation and updates and decreases dependence on custom centre-ware. 

Rapyuta is an online database for RoboEarth The cloud Engine, which is a 

platform as a service (PaaS) (Hunziker, Dominique, Gajamohan, Waibel, & 

D'Andrea, 2013). It allows robots to search inside the database to learn about 

their environment to build and to provide guidance systems. Rapyuta acts as a 

remote knowledge server, and it helps the robot to unload large numbers of 

computations. In fact, Rapyuta is a cloud of providing reliable and 

customizable computing environments to robots. Cognitive robots can start 

their own computing environment that can begin any compute nodes uploaded 

by the developer and communicate with the initiating node using the web 

socket protocol (Gutierrez, J. Octavio, & Kwang-Mong, 2010). The new 

robotic task in the future is the installation of cognitive robots in public spaces 

(shops, tourist sites, parks, etc.) to provide clients with transportation, delivery 

and services for the elderly people with disabilities and to welcome individuals 
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with quiet high hospitality applied in the environment. (Kanda, Takayuki, 

Hirano, Eaton, & Ishiguro, 2004) These service domains offer new technical 

challenges: robots need to verify the situation, evaluate people's wishes, have a 

dynamic and short-lived social interaction with several people, show safe 

navigation and recognize social standards (Tenorth, Perzylo, Lafrenz, & Beetz, 

2012). This involves a combination of many skills and technical expertise. The 

personalized multimedia short-term interaction of this robotic robot-to-human 

communication amongst them is one of the unique forms of awareness (Smith, 

1980). From this perspective, flexible means that a robot ought to practice 

unique types of interactions to discuss the same ideas for outstanding customer 

service so robots can improve their social acceptability. The short deadline for 

interactions is quick and focused for a better communicative purpose, avoid 

long and complicated interactions. However, multiparty-mode is obtained 

through the use of various interconnected devices in the robot. 

 

Usage of the robot in a medical domain comparably uncharted field 

made practicable by technical advancements above past couple of decades. 

Robots behave as a guidance tool, granting knowledge to keep the disease 

cure. Robots in medical domain must evolve a solid basis in enhanced medical 

output. To make these improvements in medical domain, robots must need to 

obtain the proper knowledge to solve real problems in the medical field. 

 

Authors in (Jordan S., Levente, Imre, & Imre, 2013) introduced an 

information combination framework for upgrading the planned movement of 

robotic Automated Guided Vehicles (AGVs). They represented the 

commitment of two fundamental calculations in accomplishing better 

execution, to be specific "Geometric Level" and "Choice" information 

combination calculations. The geometric level calculation empowers self-

governing worldwide route and nearby way arranging. Then again, the choice 

calculation is a "Worldwide Live View" usage at a significant level. The two 

calculations empower handling sensors' contribution to characterizing the 

obstructions in nature. The creators show a 93.2% by and large 

characterization rate in 15ms handling time of 60Hz "Worldwide Live View". 

They guarantee that information combination advances and propelled detecting 

permit AGVs to conquer impediments without the requirement for human 

intercession. 

 

A genetic calculation conspires attempted to improve "task offloading" 

for the cloud robotic technology system in (Cao, Zilong, Pan Zhou, Ruixuan 

Li, Siqi Huang, and Dapeng Wu., 2020). The principle target of advancement 

was accomplishing ideal assignment choices with negligible force utilization. 

A review (Kehoe, 2013) covers a thought of the cloud as empowering 

influence for aggregate robot learning, publicly supporting, and open-source 
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besides open-get to. The study expresses that cutting-edge, numerous robots 

despite everything depend on their installed PC, while there is an extraordinary 

open door in migrating the preparing calculations over processing mists. In 

(Kumaran, K. Manikanda, and M. Chinnadurai, 2020), the creators introduced 

calculations and usage of the cloud-based framework through the intent to use 

the cloud-based robot frameworks adaptability. 

 

As far as the engineering plan, an explicit space language called 

CRALA empowers planning and executing the cloud apply autonomy design 

(Colombo, Armando W., Thomas Bangemann, Statmatis Karnouskos, Jerker 

Delsing, Petr Stluka, Robert Harrison, Francois Jammes, and Jose L. Lastra, 

2014). CRALA is viewed as a design portrayal language that models three 

degrees of engineering, to be the specific particular, arrangement, and get 

together. Others (J. Ramírez De La Pinta, 2017) anyway not limited to 

proposed and spoke to various estimations to help and improve the general 

idea of the cloud-based robot mind, including equivalent planning draws near. 

 

Selective attention is the cognitive process of selectively assigning 

important, relevant or stimulating information about the (external or internal) 

environment of the processing resources (sensory focus, etc.) while neglecting 

other minor information. Three models are linked to selective attention. These 

are attention models from Broadbent, Triesman, and Deutsch. They also 

represent the focus of the bottleneck model and explains that the robot cannot 

participate in all sensory inputs at the same level of consciousness. Broadbent 

believes that the filter information processing system needs to prevent 

overloading of information. Sensory inputs which are stored temporarily in the 

sensor buffers are maintained during processing time. Although, if not treated, 

the sensory inputs in sensor buffer might diminish or disappear. Attention 

filters out extraneous information so that only the imperative stuff gets through 

to consciousness (Broadbent, 2013). Triesman believes that the human body 

filters select inputs based on their physical properties. However, she argues 

that unattended sensory inputs are minimized utilizing filter instead of turning 

it off or decay. The mind largely ignores this attenuation of information, but if 

it is initially strong, it will pass (Triesman, 1964). Deutsch explains that entire 

information is accessed with an average analysis either attended or unattended. 

After this analysis, sensory inputs are selected and the possibility of allowing 

each piece of information to be processed to a certain extent, however only the 

necessary stuff gets into consciousness. One factor that has a significant 

impact on the selection of inputs during processing is the importance or 

relevance of information (Deutsch, Anthony, Deutsch, Howard, & Howarth, 

1966). 
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The communication protocol which is appropriate is contingent upon the 

cloud service. It is mandatory to settle on which application layer the protocol 

should be used. If a mail server is provided by the cloud service, the robot is to 

be supposed to communicate through an application layer protocol say it is 

SMTP14. The file transfer protocol FTP15 is used for the transfer of files to 

establish the connection between the cloud services and client. 

 

It is very important to use language, and non-verbal speech interfaces as 

the communication tool are the general audience without specific knowledge 

of computer and engineering information. Preliminary research in the field of 

artificial intelligence emphasized the advantages of introducing a robot based 

on AI and demonstrated the usefulness of facial expression, non-verbal 

gestures and eye gaze. In recent years, many intelligent robots such as medical 

instruments, museum oriented tools; recreational tools, etc. have been 

developed (Burgard, et al., 1998). In addition, robotic robots come in daily life 

to expand their field of operations. The humanoid interactive small robotic 

robot was tested for a few weeks at a primary school. The robot uses the word 

and gesture mechanism to interact with children in free-play scenes. In one of 

the communications, the robot is intended for children to learn English by 

speaking to them in English. The analogue work was carried out in a science 

museum where a humanoid robotic robot meets guests in a free playground 

and trips a museum that helps tourists to develop an interest in science and 

technology. One critique of two domain trials was that these robots could not 

recognize speech. Robotic robots communicate with people by talking and 

creating gestures as vital features that give the sensation of authenticity to 

humanoid robotic. 

 

The cloud robotics leverages the combination of ad-hoc the cloud 

formed by the robot to robot and robot to the cloud communication 

framework. Robot to robot correspondence enables robotics network to 

exchange information and perform actions. In robot to robot correspondence, 

for collaborative computing, a group of robots communicate via ad-hoc the 

cloud. Collaborative computing is used to form a virtual ad-hoc the cloud 

infrastructure in which the computation power of each robot can be pooled and 

collaborative decision making so that the robot that is not within the range of 

communication can access virtually the cloud to gain information, to execute 

task or send request to the cloud for heavy computations. In robot to the cloud 

correspondence, ad-hoc the cloud provides a pool of shared resources for 

storage and computational purposes. These shared resources are elastically 

allocated means it detects the condition of provision and de-provision to match 

the number of resources allocated to a service (G.Arunajyothi, 2016). 

 



31 

Assume that the object recognition program is in its proper perspective 

as an area of a comprehensive cognitive system. One of the best ways for such 

a system to work with the environment is to move its position to a direct 

spherical object. In this approach, a large amount of data is collected, and the 

uncertainty has been resolved. There are many talent and assessment activities 

to slice their entries to reveal their measurement scales for moving objects. 

These activities include planning, induction generators, and the vast majority 

of the skills required for intelligent functions. Active perception is the lack of 

the intelligent management method applied to the process of information 

acquisition and can depend on the state and recognition of knowledge 

interpretation (Wyer & Srull., 1986). Feedback is not only desired in sensory 

knowledge but also can be addressed; feedback depends on the previous 

information and the model of the planet in which the robot is working. The 

definition of active perception is the complexity of the intelligent knowledge 

acquisition method. For this reason, the parameters and errors in the scene 

must be summarized and measured so that they can be fed back to manage the 

information collection method. This may be a daunting but crucial drawback, 

why? The problem is that many response parameters are contextual and visual-

related facts. The precise definition of these parameters is based on a thorough 

understanding of the information gathering device (camera parameters, 

lighting and reflection parameters). Algorithms (edge detectors, area 

developers and 3D restoration processes) focus on visual processes (Vernon, 

David, Metta, & Sandini, 2007). However, the importance of this 

interpretation is that people do not take time to manage and improve 

incomplete knowledge skillfully, but accept imperfect, noisy knowledge and 

incorporate it in the processing strategy. An observer is considered active 

when it comes to some sensible activities to adjust the geometric parameters of 

the sensor device. The objective regarding such action is to advise the 

limitations of established phenomena so that the standard of perceptual results 

can be practically stimulated. Thus an active robot is that one who dynamically 

determines and learns the logic of its behaviour and then controls at least one 

in each of what, how, where and when for respective behaviour. 

 

The mechanism used for robot learning allows a robot to learn primitive 

moves or responsibilities in an online manner via the cloud, where the latter 

consists of a series of movements. Three predominant methods have been used 

to educate robots: Learning from Demonstration (LFD), active learning 

knowledge (AL), and combined Initiative gaining knowledge of LFD, let robot 

to educate by watching a trainer even as it demonstrates the precise project or 

doing movement. This approach has been used to teach robots to dance, give 

outcome in certain arm motions, and the pick-and-place of items (Gutierrez, 

Sim, & Kim, 2010). As an instance, Robota Doll, which is developed 

humanoid robot interacts with humans using vision, body imitation and 
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speech. They applied to autistic children for behavioural studies. In the Robota 

Doll robotic turned into qualified, exceptional dance styles by the use of its 

head and palms, in addition to keyboard key labels for the dance styles. 

Infrared sensors at the trainer captured the basic arm and head moves to 

provide Robota to mimic (Sim & Mong, 2009). After the dance pattern became 

finished, labels via a single key enter on a keyboard supplied by the trainer. 

Another state of affairs turned into applied where the robot was taught a 

combination of keys because the sentence label to explain its movements as 

well as its perceptions of interaction on its specific body parts. Winner takes 

all networks turned into then used to map the actuator joints and perceptions of 

touch (through switches) to the labels. Experiments determined that the robot 

become not only conveniently capable of observing explicit associations but 

implicit ones as well, for example, principles of man or woman words like 

arm, foot, left, proper will be understood by way of coaching complete 

sentences. 

 

A dynamic vision system with the power to manage the target can make 

it easier to perform visually related behaviour (Wyer & Srull., 1986). Gaze 

management offers many advantages using vision in behavioural tasks: 

 The dynamic vision system will move the cameras to search for 

things, change focus, and usually use visual searches. 

 Dynamic vision will create an involuntary camera movement. 

 Gaze management systems may be used to focus attention or parts 

of interest within the image. 

 The ability to flexibly adjust the camera's view and significant 

capacity to correct the world's moving goals enables the robot to 

decide on an external coordinated system that is related to the rest 

of the world. 

 The fixed point of the reference system allows the Visio-motor 

management method to be relative to its frame. 

 Visual control is the use of the coordinate system of the object‟s 

focus as a basis for spatial memory. 

 

There are a few recent research endeavours for figuring advanced the 

cloud-based automated applications. Specialists are handling different zones 

for a tremendous amount of areas on the way to recover present frameworks or 

to defeat necessary restrictions. Table 1 outlines some portion of the latest 

investigation endeavours also as far as genuine executions or calculated 
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recommendations. It is clear that a massive part of the endeavours introduced 

in the table objective modern applications besides huge companies. Shrewd 

homes, clinical fields, instruction, and other residential or little scope 

applications have also been incorporated. 

 

 

Table 1 

Part of Most Recent Cloud-Robotics Research 

Sr. Area/Subject Objective 

1 Robotics & Automation 

as a Service (RAaaS) 

Grasp-planning system, using Big Data and Data 

Mining (Bonaccorsi, Laura, Filippo, Alessandro, 

& Paolo, 2016) 

2 Industrial distributed apps Performing surface combination using high-speed 

wide-area network (S. S. Srinivasa, 2010) 

3 Conceptual Architecture Manage Variability using domain-specific 

explanation language (M. K. Ng, 2015) 

4 Cooperative AGV 

systems in industrial 

warehouses 

Supportive data fusion scheme for global route 

task and local track planning (Jordan S., Levente, 

Imre, & Imre, 2013) 

5 Ubiquitous manufacturing Implementation besides case training to assess a 

developed agenda and devices (Rahman, Jiong, 

Antonio, Ashfaqur, & Dong, 2016) 

6 A review of frameworks Evaluation of Simultaneous Localization besides 

Mapping (Zhang, et al., 2015) 

7 Cognitive Industrial IoT Context-aware robotics for material handling 

(Kamburugamuve, Hengjing, Geoffrey, & David, 

2016) 

8 Service for robotic mental 

simulations 

Mental re-enactment administration for world 

recreation, learning calculation, and arrangement 

proposal utilizing Prolog inquiries (Limosani, 

Alessandro, Laura, Filippo, & Paolo, 2016) 

9 Smart Home Enhancing off the shelf wireless robots  

(G. Hu, 2012) 

10 Switched reluctance 

machine in the direct-

drive manipulator 

Predictive current control to overcome latency 

and packet losses (Wan, et al., 2016) 

11 The current state of the 

cloud robotics 

Review of up to date systems. 

12 Smart Manufacturing 

Environments 

Survey of primary advancements in SMEs for 

self-versatile change, registering load distribution, 

and the cloud-based gathering learning. 

13 Industrial The cloud 

Robotics 

Contextual investigation to evaluate a proposed 

framework identified with vitality conditions 

discernment and Big Data examination. 
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Sr. Area/Subject Objective 

14 Support of senior citizens It is testing specialized capacities of KuBo robot 

that can collaborate with people and sense the 

earth. 

15 Managing the Internet of 

Drones 

Implementation and validation of “Drone map 

Planner” service. 

16 Robot operating system The new procedure for robots operating system 

and Internet of Things (ROSLink) 

17 Robot The cloud Project in addition reproduction of fresh cloud 

service. 

18 Robots as a Service 

(RaaS) 

Applying in addition to examining the cloud 

robotics architecture. 

19 Task Offloading Applying and gauging Vehicular The cloud 

Computing system. 

20 Cyber-Physical Systems Review on the remote brain, big data operation, 

and virtualization Robots. 

21 Risk Evaluation Information security danger assessment in Cyber 

Physical Systems. 

 

In numerous submissions, for example, exploration and release tasks, a 

system of robots is constantly required (Beetz., 2017). An organized robot's 

framework is characterized as: "a gathering of robotic applications that are 

associated by means of a wired or potentially remote communication design" 

(J. Ramírez De La Pinta, 2017), (Bogue, 2017). Organized technology 

authorizes numerous robots to defeat the limitations of the independent robots 

by authorizing robot sensors, minds, and actuators to convey by means of a 

remote system or the World Wide Web (Yan, Qingsong, Yingying, Wenguo, 

& Muhammad, 2017) (Xu, et al., 2017). This idea permits the improvement of 

missions by multi-robots through various sorts to team up in (Bogue, 

2017)segment besides conveying assignments. Arranged Robots permit the 

improvement of association among robots, task incorporation, simple 

correspondence, in addition, can upgrade the general robotic technology 

framework security (Bogue, 2017) (Manzi, et al., 2017). Some portion of the 

exploration endeavours in the territory of organized apply autonomy, 

connected matters, also applications are introduced in Table 2. 
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Table 2 
Part of Networked Robotics Research 

Area/Subject Objective 

Universal Networked 
Robotics 

Considering re-usable besides dispersed 
applications as Universal Networked Robot 
Platform (UNR-PF) (Du, et al., 2017) 

Shared Knowledge 
Base 

Coordinating information portrayal techniques for 
the ROBOEARTH venture with Ubiquitous 
Network Robot Stage (M. Pasha and K. u. R. Khan, 
2017) 

Evaluation of 
Challenges 

Proposing and assessing communication 
conventions, processing models, and talking about 
specialized difficulties (J. Ramírez De La Pinta, 
2017) 

Modular and 
Cooperative Robotics 

Investigating instruments and advances that help 
secluded and agreeable apply autonomy (Li, Xiao, 
Yixiang, Liang, & Chengliang, 2017) 

 
Authors in (Du, et al., 2017) introduced the essential principle of a UNR-

PF. UNR-PF is acquainted as a system with organizing besides control dispersed 
assignments. The UNR-PF isolated the equipment after the cerebrum and 
utilizations a consistent interface that permits an application engineer to make 
equipment free automated administrations. Right now, the engineer can request 
segments to satisfy an assumed essential, and the UNR-PF will distribute 
reasonable assets that can be measured the slightest bit. This methodology 
assistances in the structure of re-usable conveyed requests that can be utilized in 
different apply autonomy stages. It was discovered that organized robot models 
could encourage the improvement, sending, the board, and adjustment of 
disseminated automated applications (M. Pasha and K. u. R. Khan, 2017).  
 

Problems related to networked robotics are a crucial portion of the cloud 
robotics. There were several outlined provocations of the networked robots revive 
the urge to progress an action plan for the systemization of different autonomous 
robot systems in the phrase of communication, control and perception. For 
example, to establish a communication which one could be the highest priority? 
How much time slot should be allowed to a member of each slot? How is 
information accessed by a member of each network? Answers of all these 
questions will be different; it depends on the time and place of the work 
environment. Develop a networked robotic system is always limited by resources, 
regarding information and communication constraints. Summary of challenges in 
networked robotics (J. Ramírez De La Pinta, 2017) are presented below: 
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(i) It always be noted that every robot has limited and his own access to 
resources which include sensors, actuators and computing power. 
Any could access the resources in the networked robotics. The 
problem arises here once a robot has built and programmed; to 
change the functionalities of robots is not an easy task. Robots have 
to face real environment so it‟ll be not a good approach. 

(ii) The approach of networked robotics is to design a collaborative 
system that can complete a particular task by utilizing the granted 
resources to each member of the network. By using the approach of 
machine-to-machine (M2M) or machine-to-server (M2S) fusion of 
information can be applied. Networked robotics is compacted by the 
information sensed by the robots and shared above the network or 
the server program. This paradigm limits the network to learn. 

(iii) Routing protocols are involved in the transferring of information 
and decision. To share information among the member of networks 
in fast, efficient and reliable way routing protocols are utilized. 
M2M protocol is a proactive routing protocol for communication. 
For the routing message this protocol is utilized across the network 
(Tepsic, Mladen, Dejan, & Nadja, 2015) (Shaukat, 2010) (R. Chaâri, 
2016), (Guizzo, 2011). 

 
Disadvantages of routing protocol are: It requires high computation and 

heavy memory resources to find the best route above the network. For the 
dynamic routing in networked robotics ad-hoc protocol is utilized (Chanei & 
Sakuna, 2013) (Tepsic, Mladen, Dejan, & Nadja, 2015). By using ad-hoc routing 
protocol, user will face the number of problems regarding setting up a path to 
transmit a message and control any related topology of a network. These kinds of 
oppositions might enormously affect the performance of the network and goals to 
be achieved. 

 
 
2.1 GAP ANALYSIS OF CLOUD ROBOTICS ARCHITECTURES 

 
Architectural structure refers to how a system is divided into subsystems 

and how those subsystems interact. Table 3 below describes the architecture of 
the cloud robotics of different platforms. It also defines the Purpose, types of 
architectures, key components, key features and the key limitation of the cloud 
robotics. Different platforms have different capabilities to work. Rapyuta 
platform allows the robots to use the database to allow different queries to find 
out the data from the database (Hunziker, Dominique, Gajamohan, Waibel, & 
D'Andrea, 2013). Rapyuta allows robots to offload heavy computation by 
granting safe customizable computing environments in the cloud (Hunziker, 
Dominique, Gajamohan, Waibel, & D'Andrea, 2013). Rapyuta provides easy 
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retrieve to RoboEarth repository of the knowledge base that facilitate robots to 
download maps, recipes of actions to perform as specific actions, and these 
recipes help robots in task planning (Farokhi, November (2017)). Rosbridge 
allows the socket serialization protocols (Mohanarajah, Dominique, Raffaello, & 
Markus, 2014). The architecture of Rosbridge provides web services for robotics 
relies on slight JavaScript binding for ROS, called Rosjs (Farokhi, November 
(2017)). Rosbridge treats all of Robot Operating System (ROS) as “back end”. 
Rosbridge architecture provides easy retrieve of ROS messages and services as 
JSON objects. Rosbridge robots use peer-to-peer networking approach. 
Communication is handled through nodes (Crick, Graylin, Sarah , Benjamin, & 
Odest Chadwicke, 2017). SCMR allows the robots to offload their 
computationally expense by using multiple servers (Farokhi, November (2017)). 
In SCMR, a central base station of knowledge is created to share the knowledge 
to multi-robots (Farokhi, November (2017)). ROS provides the need for an 
operating system. The architecture of ROS produces Internet of Robots that is 
worldwide a household of the knowledge base. Such robots can perform actions 
such as knowledge sharing and task planning (Hunziker, Dominique, Gajamohan, 
Waibel, & D'Andrea, 2013). C2RO grants the robots the AI solutions in secure 
and fast mode (Lee, 2012). The architecture of C2RO is hybrid the cloud robotics 
computation model for processing model, and this architecture utilizes the cloud 
computing services in robots to perform tasks in real-time. C2RO composed of 
three layers. The first layer is utilized for light computations, the second layer is 
pushed to the edge of the network where nodes are assumed as hosting structure, 
and the last layer is used for extreme processing after processing data is sent to 
the cloud for other connected robots. At the last layer, the connection is 
maintained to other robots (Osunmakinde & Ramharuk, 2014). Davinci platform 
the augmented architecture to robots. In Davinci architecture ROS platform 
utilized for sensor collection of data and communication further robot robots and 
clients. Davinci robots are embedded with Wi-Fi connection. Wi-Fi robots are 
linked with other robots and upload their sensor information, by using sensor 
information robots perform their task plans such as object recognition, navigation, 
map building and segmenting of maps (Portugal, Miguel, Samuel, & Micael, 
2018). C2ATM used for the tracking and mapping of robots (Lee, 2012).The 
architecture of C2ATM is relying on scattering frameworks where lavish tasks 
such as map optimization and repository of data assigned to the cloud service 
(Farokhi, November (2017)). C2ATM enables comprehensive retrieve of map 
database, in database map can be assembled and deposit also, stored maps could 
efficiently be utilized by further connected robots. C2ATM use this database for 
task planning and sharing of knowledge among other robots (Farokhi, November 
(2017)). 
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Table 3 

Gap Analysis of Cloud Robotics Architectures 

Cloud Robot 

Architecture 

Key Features Key Limitation Task Planning Tecniques Knowledge Sharing 

Mechanism 

Rapyuta Rapyuta is relying on elastic 

computing model, which 

dynamically assigns robots to 

safe computing environments 

(Hunziker, Dominique, 

Gajamohan, Waibel, & 

D'Andrea, 2013). 

Memory check, I/O rate 

limits, and CPU quotas 

(Hunziker, Dominique, 

Gajamohan, Waibel, & 

D'Andrea, 2013). 

Retrieve the repository of 

knowledge for task planning 

(Farokhi, November (2017)). 

Rapyuta is not able to for task 

discussion among other robots 

(Farokhi, November (2017)). 

Use Roboearth 

repository for sharing 

of knowledge among 

other robots (Farokhi, 

November (2017)). 

Rosbridge ROS extracts single robot 

abilities, permitting control of 

robots throughout Messages 

(Crick, Graylin, Sarah , 

Benjamin, & Odest 

Chadwicke, 2017) 

 

It poses a problem 

when there are many 

clients on Rosbridge 

(Dawarka & Girish, 

2018). 

 

Uses ROS as “back end” to 

retrieve data for task planning 

(Crick, Graylin, Sarah , 

Benjamin, & Odest Chadwicke, 

2017). 

Rosbridge without Ros is not 

preferable because Ros enables to 

send messages for 

communication (Crick, Graylin, 

Sarah , Benjamin, & Odest 

Chadwicke, 2017) 

Robots are connected 

peer-to-peer for 

sharing of knowledge 

(Crick, Graylin, Sarah 

, Benjamin, & Odest 

Chadwicke, 2017) 
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Cloud Robot 

Architecture 

Key Features Key Limitation Task Planning Tecniques Knowledge Sharing 

Mechanism 

SCMR Enables low-cost robots to be 

produced cheaper Provides a 

resource negotiation module. 

(Farokhi, November (2017)). It 

includes the Robot clients, web 

cluster server, data centre, 

point of services and 

application registry (Doriya, 

2017). 

Heavily use the CPU 

working offload. 

(Farokhi, November 

(2017)) 

SCMR framework offloads the 

computational tasks from multi-

robots to the cloud and handles 

disconnections between the cloud 

and multi-robots in multiple 

environments (Osunmakinde & 

Ramharuk, 2014). 

For the communication in SCMR, 

it requires resources in parallel 

(Osunmakinde & Ramharuk, 

2014). 

Uses central 

knowledgebase 

station to share 

knowledge with other 

robots (Doriya, 2017). 

ROS Grant benefits of inter-platform 

operability across various 

programming languages like 

C++ and JAVA (Mohanarajah, 

Dominique, Raffaello, & 

Markus, 2014). 

ROS does not allow 

collective robots with 

clone master node 

(Osunmakinde & 

Ramharuk, 2014). 

Use household knowledge base 

for task planning to perform 

actions. The maintenance of 

multiple robots is difficult in task 

planning not preferred for time-

critical applications (Hunziker, 

Dominique, Gajamohan, Waibel, 

& D'Andrea, 2013). 

ROS create the 

internet of robots 

worldwide knowledge 

base for the sharing of 

knowledge (Quigley, 

et al., 2009). 

C2RO Ensure connectivity of robots 

for monitoring real-time 

problems.  

Allow sharing of knowledge 

instantly across several sites 

(Mohanarajah, Dominique, 

Raffaello, & Markus, 2014). 

Due to huge data 

storage, it uses a lot of 

computational power 

(Hunziker, Dominique, 

Gajamohan, Waibel, & 

D'Andrea, 2013). 

Uses the cloud computing model 

for task planning at real-time 

(Arumugam, et al., 2010). 

C2RO does not allow semantic 

task planning  

Third layer of C2RO 

is used for the sharing 

of knowledge to other 

robots (Arumugam, et 

al., 2010). 
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Cloud Robot 

Architecture 

Key Features Key Limitation Task Planning Tecniques Knowledge Sharing 

Mechanism 

Davinci It is provided by the ROS, and 

it offloads huge data workloads 

from robots. It is using open 

source Hadoop, ROS and 

Hadoop Map reduce 

(Mohanarajah, Dominique, 

Raffaello, & Markus, 2014). 

Reducing delays in 

coordination over the 

cloud. (Farokhi, 

November (2017)). 

 

Using Wi-Fi robots are connected 

and share their sensor information 

with other robots; this 

information is used to the 

planning of tasks (Portugal, 

Miguel, Samuel, & Micael, 

2018). Davinci allows only single 

Ros system in the cloud 

(Portugal, Miguel, Samuel, & 

Micael, 2018). 

By using Wi-Fi 

robots share 

knowledge with other 

robots (Portugal, 

Miguel, Samuel, & 

Micael, 2018) 

C2TAM Able to maintain bandwidth 

requirements at the edge for 

Robot server contact. It has 

Tracking Re-location, and 

Place Recognition abilities 

(Lee, 2012). 

Failed to make use self-

reliant nature of data 

that can give climb to 

use of parallel and 

elastic architecture. 

(Lee, 2012) 

Use database for task planning 

and perform actions (Farokhi, 

November (2017)). 

For task planning only, not 

message communication 

(Farokhi, November (2017)). 

Using knowledgebase 

C2ATM share 

knowledge with other 

robots (Farokhi, 

November (2017)). 
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2.2 CONCLUSION 

 

In ROS architecture to monitor and maintenance of multiple robots is a 

difficult task in a commercial environment (Hunziker, Dominique, 

Gajamohan, Waibel, & D'Andrea, 2013). Davinci allows only a single ROS 

system in the cloud and uses Hadoop at the backend for mapping (Farokhi, 

November (2017)). In the SCMR framework, multiple communication with 

multiple robots becomes an influential problem in the cloud robotics 

environment it requires the resources in parallel (Osunmakinde & Ramharuk, 

2014). In C2ATM to track multiple robots is a tedious task and to 

communicate to multiple robots at a run time is not an easy task. C2ATM does 

not offer the transfer of semantic knowledge (Saha & Prithviraj, 2018). 

Rosbridge uses Web Services which facilitates the communication between 

browser and rosbridge. However, in rosbridge to track a multiple interaction 

between robots are not provided (Saha & Prithviraj, 2018). Rapyuta only 

enables the dense computational tasks to the cloud, but it does not allow the 

robots to communicate for tasks planning (Saha & Prithviraj, 2018). C2RO 

grants robots artificial intelligence solution in the safest mode. C2RO use high 

processing power for the completion of tasks. C2RO only share a limited range 

of knowledge because due to high processing power C2RO is not capable of 

knowledge sharing across multiple sites and geographies (Dawarka & Girish, 

2018). 
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CHAPTER 3: 
 

PROPOSED METHODOLOGY 
 

 

With the connection of systems and growing in intelligent robots are 

emerging. For example, an autonomous car is a robot; it consists of multiple 

smaller robots or intelligent connected sensors and actuators. The aggregation 

of these devices in an autonomous car, smaller robots and intelligent sensors 

obligate to all orchestrate and coordinate to attain the purpose of the larger 

aggregate robot the connected vehicle. Even it could be concluded to other 

even larger robots such as a manufacturing shop floor, an intelligent building, 

or a connected city. As several robots connected to each other increased, task 

planning, knowledge management and sharing among robots will become 

important aspects. 

 

To overwhelmed the complexity of multi-robot systems, the system‟s 

capabilities may decompose in different layers where actions may have layered 

building upon each other to create strategic reasoning so that robots will be 

able to execute their job efficiently. Robots will become more adept at 

operating in the real world, and it will have become more important to build 

such type of robot team that may capable of high-level collaborative and 

learning in real-time scenarios. In order to perform this job, the robot software 

can use a layered architecture approach. Supervised learning techniques could 

be used to implement the layering mechanism and improved decision tree 

learning algorithms to take the decision of what information will have to 

transfer on another layer. In a single layer, robots will have to maintain self-

memory and knowledge base to maintain information. 

 

Multiple layers comprising the number of cognitive robots will be 

connected to the cloud for knowledge sharing and management (Wuhui Chen, 

Yuichi Yaguchi ,Keitaro Naruse, Yutaka Watanobe, Keita Nakamura, Jun 

Ogawa, 2018). The cloud based services such as Internet as a Service, 

Platform as a Service, Software as a Service will be invoked by robots for their 

task execution. To achieve control and coordination for actions execution 

among homogeneous as well as for heterogeneous robots, a stigmergic 

approach and swarm intelligence concept will be used. Communication 

between robots by sensing and modification of the local environment could be 

achieved by using Stigmergy. In the area of swarm robotics, emergent 

behaviour is one of the main topics of research. Communication of 

sematectonic stigmergy is done by swarm robotics, and any robot can gain 

information through sensing in his working environment, which will be made 
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by other robots. This approach has proved beneficial in helping swarm robots 

which monitor the performance of other members of swarm robots without any 

kind of interaction, localization and recognition of teammate. Stigmergic 

behaviour of robots can be simulated through software. 

 

 

3.1 KNOWLEDGE SHARING ON THE CLOUD 

 

For knowledge sharing, global long term memory for robots will be 

used. It combines formal, encyclopedic knowledge with observations from 

several perception modules (Console, Camera, Robot, PlayStation, Phone and 

Laptop) and directly works on the data structures produced by these perception 

modules. The knowledge base will process the information on interest when it 

is required and inquire other components if the required information is not 

available in the current knowledge base. When looking for the solution of the 

query generated by perception modules, the knowledge base can get headfirst 

the query, for example, to another system to produce solution based on 

information perceived from the environment.  

 

 

Figure 3: Multilayered Knowledge Sharing in Cloud Robotics 

 

The developed framework of knowledge management for my solution to 

knowledge sharing is shown in Figure 3. That emphasizes on the grounded 

model, which means the analysis on data happens after collecting data from 

sensors, where almost all types of sensor data such as objects may have 
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different properties can be entertained. Query template will be stored in the 

global knowledge base that will help out in order to make a scalable system. 

 

 

  Figure 4: Knowledge Management and Sharing on the Cloud 
 

In Figure 4, robots will sense data from an uncertain environment and 

combine it with observations from several perception modules, i.e. Console, 

Camera, and Robot will be existing in the environment. Robots will be able to 

learn by using their cognitive skills or by sending the query to Query Analyzer 

(QA). The query will be contained information related to the environment, 

object and task to be performed. QA will transform it based on indexing, i.e. 

Environment, Object and Task. Indexing will be helpful to find the best and 

suitable matches from the knowledge base (Henderson, 2008), (Fan, 2009) 

according to query and send to Match Quester (MQ). As the same query in a 
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different context would be answered in distinct manner. Ontology will be 

comprised properties of object, environment, task and relations between 

concepts and entities that authenticate the environment. Information in the 

ontology will be organised in such a manner that will maintain terminology 

with respect to specific environment, and their use will improve response to a 

query within that environment (Al-Rasheed, 2014). 

 

Knowledge Acquisition (KA) will determine how to acquire knowledge 

for the solution of the query generated by robots from the knowledge base. KA 

will extract knowledge from the knowledge base and respond back to the 

environment (Al-Rasheed, 2014). In above Figure 4, robots will be able to 

update or upload knowledge base by their knowledge or experiences learn 

from an uncertain environment. They will send their knowledge or experiences 

to Knowledge Harvester (KH) that will convert the knowledge or experiences 

capturing from the environment into more explicit way, i.e. in indexing form 

(Serrat, 2017). Ontology will maintain terminology of that knowledge or 

experience and the relations as well for better explanation or clarification, and 

then KA will extract and send it to the global knowledge base that will 

maintain or save the knowledge of the whole organization.  

 

 

3.1.1 Match Quester 
 

Match quester will compute differences between objects that are the 

indexed objects vector lists of query and relevant objects retrieved from global 

LTM. The objects whose difference min will be the desired object; each object 

will have the number of description files in global LTM. 

 

1 1

( , ) * ( , )
L M

q k i j
i j

Diff O O Wj diff O O
 

 
 

(1) 

 
After finding a suitable match of object or objects, match quester will 

compare the task name of the query to task description files of relevant object 

or objects, where the name of the task and the description file will be matched 

that file will return to robots for effective execution of the task. The attributes 

of objects will have associated weight w that will be used for ranking purpose. 

The attribute that plays a certain role in recognizing objects, that attribute will 

have to be on high priority. 
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It will find the difference between objects attributes, i.e. attributes of 

queried objects and relevant objects retrieved from global LTM (Cowan, 

2008). Match quester will perform searching two times in the knowledge base. 

First, searching will be related to find suitable or relevant objects, and the 

second search will check the description file against matched objects. 

Keyword searching approach for the first searching method will be used, and 

Interval search approach will be used for the second time searching. 

 

 

3.2 TASK PLANNING ARCHITECTURE 

 

Referred to Figure 5, sensory memory stores sensory information until 

the information is transferred to perceptual memory (De Guise & Maryse, 

2001). Robots will collect data through sensing their environment, and after 

processing of data, the information will be stored in sensory memory. This 

information remains in sensory memory just for a while, if this information is 

not transferred to working memory then that information will be lost (Wan, et 

al., 2020) (Bo & Chi-Mei, 2013). The information resides in perceptual 

memory comes from paying attention to sensory memories. If information 

stored in sensory memory is not actively maintained, then it vanishes after a 

while. It is very problematic and execution intensive thing for a robot to 

process all the stimuli it had perceived; as a result, the robot may get confused. 

To eliminate these ambiguities, the workload for the robot should handle 

appropriately. Selective attention will assist robot to get rid of this situation by 

limiting the workload through selective filtering on perceived input. The 

selective attention of the robot is necessary to perceive the sensory stimuli and 

to act deliberately in the multi-stimulating environment so that the robot does 

not feel over-sensitized. It will also prevent the robot from being confused by 

occlusions like out of mind or unconscious problems (Dorfberger, Esther, & 

Avi, 2007). 
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Figure 5: An Architecture for Task Planning each Robot 

 

Perceived stimuli of robots followed by the answers of what, where and 

when will be saved to episodic memory. However, if the robot is focused on 

the what behaviour of the stimuli it had perceived, the information is directly 

transferred to declarative memory. Declarative memory also called the explicit 

memory, is a type of long-term memory. It is related to human consciousness 

and store events related to facts and experiences. The information is stored in 

declarative memory for a long time, and access easily whenever required. It 

has more capacity to store information. Robots recall the same information 

more times that information will be stored in a strong way, and afterwards, its 

access time is short than information that access rarely. Learning of robots 

related to event stored in episodic is stored in declarative memory. Robots will 

perform actions effectively by recalling their experiences. The information 

stored here is often associated with our unconscious, however, recalled when 

required. The perceptual learning of the selected stimuli together with the 

episodic learning resulting from the events experienced in the past will load to 

procedural memory of the robot, containing the strategy required to execute a 

task. If the experience does not exist, the robot makes the connection to its 

remote knowledge base, learn the required skills or knowledge to handle the 

situation or to make the decision by seeing the current nature of the task. 

Control signals of the actuators necessary to perform a task are activated 

through action selection, and the task is carried out. Table 4 shows how 

knowledge gets processed in cognition to deliver the response. It shows the 

complete mapping from environmental sensing to task forwarding as the 

response. 
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Table 4 

Flow and Inter-Connectivity of Task Planning Modules 

Task Planning 

Modules 
Incoming Stimuli Outgoing Stimuli 

Environment  Action Selection  Sensory Memory 

Sensory  

Memory 
 Environment  Perceptual Associative 

Memory 

Perceptual 

Associative 

Memory 

 Sensory Memory 

 Declarative Memory 

 Selective Attention Memory 

 Procedural Memory 

 Episodic Memory 

 Procedural Memory 

 Selective Attention 

Memory 

 Declarative Memory 

Episodic  

Memory 
 Perceptual Associative Memory 

 Procedural Memory 

 Declarative Memory 

 Procedural Memory 

Declarative 

Memory 
 Episodic Memory 

 Perceptual Associative Memory 

 Procedural Memory 

 Perceptual Associative 

Memory 

 Procedural memory 

 Action Selection 

Selective  

Attention 

Mechanism 

 Perceptual Associative Memory  Perceptual Associative 

Memory  

 Action Selection 

Action  

Selection 
 Selective Attention Mechanism 

 Declarative Memory 

 Environment 

Procedural 

Memory 
 Episodic Memory 

 Perceptual Associative Memory 

 Declarative Memory 

 Episodic Memory 

 Perceptual Associative 

Memory 

 Declarative Memory 

 

3.2.1 Environment 

 

According to an architecture for task planning to each robot, robot 

received the information from the environment through different sensors, and 

that sensed stimuli will move to the sensory memory. Robots get a large 

amount of various information from the environment; some of these are 

essential to the robots for task planning. Such information will further used in 

decision making and memory storage. Specific and crucial information can be 

achieved by selective attention mechanism using perceptual iterations. 

Environmental information is also dependent on perceptions and associations 

regarding prior experiences of each robot because most of the cases, robots can 

perceive what they want to perceive from the environment. Sensory memory 

directly attached with perceptual associative memory. Different kind of 

information from the environment and the output of action selection in the 

form of task execution will be forwarded into the environment as the response 
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of the robot. Task execution will be achieved by using the same sensory 

information which gets the information from the environment (Bo & Chi-Mei, 

2013), (Amoui, Mazeiar, Siavash, & Ladan, 2008), (Humphrys, Action 

selection methods using reinforcement learning., 1996).  

 

 

3.2.2 Sensory Memory 

 

Cognitive memory is used to keep information save, secure and updates. 

Encoding of memory in the robot‟s brain may be done in a variety of way, i.e. 

chunking, creating mnemonics, and generating links between prior 

reminiscences. Sensory memory will retain the impression of stimuli after the 

original stimuli go off. Sensory memory will get every stimulus from the 

environment. There are not predefined sensors in cognitive robots the engineer 

need to design some sensors to sense the information form the environment. 

Robots used some selective attention mechanism in mind, which is helpful in 

paying attention and passing the information into the memory. Robot gets 

physical stimuli from the environment in the form of light and converts them 

in the form of an electrical signal, which is further, sent to the brain and 

interpreted in the form of images. That image will further be processed 

through different encoding, techniques (Anderson, 2000). 

 

Sensory memory is concise period memory. All type of sensory 

information that came from the environment, it will go to the sensory memory. 

It will stay there less than 1 sec if the robots process to the information then it 

will move to the perceptual memory; otherwise, the information will be 

discarded (Bo & Chi-Mei, 2013), (Deutsch & Karl M., 2005). 

 

 

3.2.3 Perceptual Associative Memory 
 

The ability to translate moving toward improvements by seeing 

individuals, by organizing them, and by seeing associations between such 

individuals and characterizations. There are developmental conflicts for a 

specific framework for acquainted perceptual memory; babies who have not 

yet advanced article constancy (any episodic/roundabout memory) are 

prepared to see and order. Various disputes begin from examinations of human 

amnesiacs with tremendous loss of new revelatory memory, anyway generally 

unsullied perceptual affiliated memory and learning (Lejeune, Corinne, & 

Sylvie, 2013). Perhaps the most convincing conflict begins from investigates 

various roads with respect to rodents in a winding arm maze. With four arms 

tormented and four not (with none restocked), common rodents make sense of 

how to see which arms to look (perceptual associated memory) and review 
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which arms they have recently dealt with in (episodic memory) so as not to 

look there an ensuing time. Rodents with their hippocampal structures 

extricated lose their wordy memory yet hold perceptual associative memory, 

again undeniable frameworks (OLTON, BECKER, & HANDELMANN, 

1980), (Deutsch & Karl M., 2005). 

 

 

3.2.4 Episodic Memory 
 

Episodic memory is a kind of long-term memory. It is totally different 

from other memories as it remembers the past experience. Episodic memory is 

a person's exceptional memory of a specific event, so it will be one of a kind 

according to someone else's memory of a comparable experience. Episodic 

memory is from time to time miss-took for self-portraying memory, and 

remembering that personal memory incorporates episodic memory, it 

moreover relies upon semantic memory. For example, you know the city you 

were imagined in and the date, regardless of the way that you don't have 

express recollections of being considered. (Nyberg, 2008) Episodic memories 

are intentionally recalled memories identified by and by experienced 

occasions. Episodic recollecting is a powerful procedure that draws upon 

memory aide and non-memory helper intellectual capacities so as to 

intellectually reproduce past encounters from recovery signals. (Ploran & 

Wheeler, 2017) So, using it in the architecture of task planning of each robot, 

every robot has different past experience and events. So the information 

coming from perceptual memory to episodic memory learning involves. After 

getting experience through the episodic memory, the information of episodic 

memory will go to the declarative memory (Ashtamker & Avi, 2013). 

 

 

3.2.5 Declarative Memory 
 

Declarative memory is the conscious thought of our brain that we need 

to work on it to memorize. It knows what memory. It is often formed 

deliberately through rehearsal. It may be turned into awareness through 

associations. All the information related to facts and figures will go in 

declarative memory that recalls or remember again. The output of the episodic 

memory will become the input of declarative memory[5]. For example, if 

robots perform some task for the first time so the information regarding that 

task will go in episodic memory but when the robot do that task again and 

again and recall that mechanism so then by reinforcing the information will go 

to declarative memory. Reinforcement can be done in a different way by 

making the chunks of information, by making the links with experience, by 

remembering, by recalling the specific event with some clues. The different 
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test has been taken to check the declarative memory, i.e. logical test, analytical 

test, academic test, pattern recognition (Humphrys, W-learning: Competition 

among selfish Q-learners., 1995). 

 

 

3.2.6 Selective Attention Mechanism 
 

The selective attention mechanism is directing consideration toward 

important information by ignoring unnecessary information. Robots must keep 

on track and avoid distractions. It saves time and processing power, as well. 

The limited capacity of paying attention has been conceptualized as a 

bottleneck which will restrict unnecessary information‟s. The selective 

attention mechanism will make critical task selection with the help of rational 

and logical. Perception path may be busy in checking patterns from different 

memory segments, and the logical part may be busy in making a logic, which 

is participating in decision making[3]. Then everything depends on a situation 

that what will be the decision. The output of a selective attention mechanism is 

the input of the action selection phase. Whatever decision is taken by the 

selective attention mechanism will trigger the perceptual associative memory. 

Different models used for selective attention Broadbent's Filter Model, 

Treisman's Attenuation Model (Claus & Craig, 1998). Broadbent says that just 

one message will be forwarded for further processing from all the information 

and rest will be lost. All the information from external stimuli will enter into 

the sensory memory and the information which have minimum memory. 

 

 

3.2.7 Procedural Memory 
 

Procedural memory is a category of long-term memory that deals with 

the procedure that stimulates cognitive abilities. Performance of an activity can 

be used to measure the skills. Procedural memory is unconsciously thoughts 

that will just come and stay in our memory in the human mind. It is no 

conscious thought these types of information just stay or come in our mind 

unintentionally. We just remember or memorize some event unknowingly. It 

also influences our behaviour and knowledge a lot (Gheysen, Hilde Van, & 

Wim, 2011). It usually begins with the learning of becoming a master in any 

task through repetitions. It is also called non-declarative memory since we are 

not able to consciously bring it into awareness. Some of the information is 

confusing that maybe it required or not for a system, so getting the context of 

information that information is moved to the selective attention mechanism. 

Perceptual memory that is the capacity to interpret incoming stimuli by 

perceiving robots, by classifying them, and by taking note of connections 

between such robots and classifications is ubiquitous among creature species, 
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just like the learning of these facilities (Bitterman 1965) (Dorfberger, Esther, 

& Avi, 2007), (Lejeune, Corinne, & Sylvie, 2013).  

 

Procedural memory usually remembers the things without creating a 

proper link with past experiences. It deals with “How”. For example, how you 

can fry an egg? The answer to this question is sometimes difficult to answer 

but frying an egg is the unconscious mind. That the task will be done at a 

certain moment. Fast learning is the first phase where robots learn the task 

through repetition of practice (Claus & Craig, 1998). The practise or repetition 

helps the robot for the fastest and largest improvement in performance as 

humans. Slower improvement is the result of repetitive practice of motor 

routines (Doyon & Habib, 2005). Association stage is the most challenging 

stage in procedural language because the task or new routines or information 

has to associate with the prior reinforcement or routines. After the association, 

the task has been optimized now, and it means this task will be performed in 

minimal time and minimal usages of cognitive and other resources (Adams, 

1971).  

 

Procedural memory output will become the input of the action selection 

phase by instantiated behaviour. It means once procedural memory has taken 

some decision, then the final result is shifted to action selection in the form of 

behaviour (Ashtamker & Avi, 2013).  

 

 

3.2.8 Action Selection 
 

Action Selection methods take input from selective attention mechanism 

and declarative memory then action selection need to forward the processed 

information as the conclusion and perform an action accordingly. While taking 

a decision and performing an action, it follows different models of selection 

mechanisms. For work in challenging environment, robots need to be the 

sophisticated environment for action selection, that need some rules that tell 

the robots what move need to make in every circumstance (Amoui, Mazeiar, 

Siavash, & Ladan, 2008), (Claus & Craig, 1998). Action selection will be 

difficult if robots are not aware of the multiple optimal joint options and their 

rewards. This module is dependent on the refined crux received from selective 

attention mechanism to do act accordingly. When insufficient information 

obtained from the declarative memory that will be forwarded as it is for further 

solutions from the dynamic environment. It desires to be stability and 

flexibility. Stability is required for same situation and the same action needed 

in the same environment. Flexibility in the sense that skilled behaviour needs 

to be changed according to the environment (Amoui, Mazeiar, Siavash, & 

Ladan, 2008), (Humphrys, Action selection methods using reinforcement 
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learning., 1996), (Humphrys, W-learning: Competition among selfish Q-

learners., 1995). 

 

The stigmergic behaviour of robots together with attention mechanism 

will lead us towards systems that are more efficient as the Attention 

mechanism in the hierarchical system will enable robots to regulate attention 

by gathering information from its surroundings by interacting with other robots 

of same or different layers or retrieve the information from LTM based on 

experiences. The cloud based LTM will allow robots to upload a description of 

the tasks they have experienced, enabling robots to benefit from other robots‟ 

experiences whenever they encounter the same problem. In this mechanism, as 

every robot is connected with other robots hierarchically and work with 

collaboration, will help robots to perform the task more efficiently and 

responsively.  
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CHAPTER 4: 
 

VALIDATION AND RESULTS 
 

 

This chapter expresses the results and uses cases using the proposed 

simulation system of the cloud robotics. Figure 6 shows the overall processing 

of the system dividing it into three connected sections. Top level is of the 

cloud where all the cloud processing is being done on receiving the query from 

the environment. The middle level is the interactive environment itself that is 

the core connecting the lower layer of cognition with the cloud. 

 

 

4.1 CLOUD LAYER 

 

The cloud layer contains the seven interconnected sub-layers. Global 

LTM contains all previously experienced and shared knowledge that is fetch-

able whenever needed. The benefit of keeping it on the cloud is shareable by 

multiple resources and also updateable on receiving new knowledge by 

numerous sources. Knowledge Acquisition includes the refining of the 

knowledge retrieved from global LTM to deliver further (Khan, Abbas, Khan, 

Qazi, & Khan, 2020). After that, it will be updated with newly received 

knowledge by the ontology. The other end is also a two-way process of 

providing relevant objects retrieved from Global LTM to match quester and 

receiving the indexed vector of query received from match quester to retrieve 

the knowledge. Categorized Indexed files get received from indexing to match 

quester, and also it returns the task description file later retrieved from Global 

LTM fully refined by knowledge acquisition. Indexing is a three-way process. 

One way works with indexing the query received from the query analyzer. The 

second way passes by the knowledge harvester that sends the knowledge 

indexing to be indexed. Third way refers to the refined knowledge retrieved 

from the global LTM to be delivered as a response directly to the interactive 

environment. Query received from the environment/robots get analyzed here in 

this layer for separating the parts of speech for each word to be delivered to 

indexing. As an input, it gets the query received by robots from the 

environment. Knowledge Harvester sends the two types of information. One 

that is the harvested relevant keywords from the query forwarded by robots 

and the other is the new knowledge as the update. 
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Figure 6: Overall Structure of Knowledge Sharing  

for Task Planning in Cloud Robotics 
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4.2 ENVIRONMENT LAYER 

 

Environment layer contains the three types of formation and 

connectivity of robots for knowledge sharing and updating the cloud. This 

environment layer is connected with the top the cloud layer and the bottom 

cognition layer that is of cognition. Query received from the environment is 

delivered to the cloud layer. The bottom layer is separate for each robot, 

whereas the cloud layer is one for all the robots in the world where they share 

all knowledge, and it gets updated. Bottom cognition layer is the memories 

processing of each robot for the knowledge it has in his declarative memory. 

 

 

4.2.1 Peer Based Group of Cloud Robots 
 

In ubiquitous the cloud, each virtual machine (VM) or each robot is 

comparatively considered as a computing unit. VMs and robots create a fully 

divided mesh for computing. In small modules, a task is divided for the 

execution among a subset of the nodes in the computing mesh. 

 

 

4.2.2 Proxy Based Group of Cloud Robots 
 

In the network of grouped robots, one robot performs the function as a 

leader of the group, which communicate with the proxy VM in the cloud 

framework to build the connection between the robotic network and the cloud. 

In the two-tier hierarchy, these computing units are arranged. 

 

 

4.2.3 Clone Based Group of Cloud Robots 
 

Every robot has a particular system-level clone in the cloud. A task 

could be accomplished in a robot or the clone. The peer-to-peer network is 

formed by these set of robotic clones with better connection as compared to 

physical ad-hoc R2R network. Furthermore, this model permit for sporadic 

outage in the physical R2R network. 

 

 

4.3 COGNITION LAYER 

 

The bottom layer is subdivided into seven layers of processing of 

knowledge present in declarative memory of cognition. It updates the local 

knowledge/cognition on receiving the updated responses and on receiving the 
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query if there is any knowledge available it delivers as a response from 

cognition. This results in a great benefit of getting results from the offline 

systems. This is the reason every single robot will react and result differently 

sometimes because of the environment and teaching from the surrounding. For 

instance, if someone asked or told something to the system, this query will also 

be stored in the cognition for later processes and learning. There is also a 

hidden layer that is always working in the backend to give results on the basis 

of present knowledge in the cognition. It generates models for the available 

knowledge in the backend and gives results on pre-generated models for fast 

processing. When the system gets an online new solution from the cloud index. 

It will update the cognitive knowledge base accordingly. 

 

On query, if online access is available, then the question will be sent two 

ways one to the cloud for the updated results and one toward the cognition. 

Robot‟s local knowledge base of the query will be delivered in the response. In 

case the results for the query is not available, or the results do not match with 

the response received from the cloud then the local knowledge base of the 

robot will be updated according to the cloud. In the case of non-accessibility of 

sufficient information from the cloud. Then only the cognition based 

knowledge base of the robot will be delivered as response using the synonym 

of the query. The cloud will show the updated index for every robot to 

download new knowledge related to the previous query asked by the user. So, 

user interaction is a key point in the quality of learning and adapting 

knowledge for the system of the cloud robot.  

 

 

4.4 TOOLS AND TECHNIQUES 

 

There are several tool and techniques have used in this research. The 

local knowledge base of each robot is represented as Neo4j based storage. It is 

the graph database that is the vigorous management system for artificial 

intelligent based applications. Beautiful Soup is the library, also known as 

BS4. It is used for extracting data from HTML files. The parser is used to 

navigate and search the parse tree. Flask is a micro framework that is used for 

creating the server and all the backend processing because of its capability of 

not requiring any tools or libraries; also, it does not have an abstraction layer. 

Pandas is used for data manipulation, analysis and cleaning. As the data being 

retrieved is uncategorized so to manipulate and analyze it, panda‟s library was 

ideal.  

 

NumPy provided fast and efficient operations on arrays of homogeneous 

data. NumPy extended python into a high-level language for manipulating 

data. The requests library is used because of its user-friendly and simplified 

http://www.crummy.com/software/BeautifulSoup/
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nature of sending HTTP requests. PyTTsx3 is used for speech recognition 

inputs from the user. Amazon and Google Cloud Platform, both the clouds are 

tested to run the proposed system on the server and as the cloud computing 

services, i.e. storage for the files and models. File Zilla is a cross-platform FTP 

application used to upload, download and edit server files. PuTTY is used as 

an SSH terminal to run and control our vim environment and server as its 

open-source terminal emulator. Python language is used as it is supported by 

all the hardware and modules that are used. HTML, CSS and Javascript are 

used for the development of front-end flask templates. Running on platforms 

are based on the Linux operating system, especially on Debian Rasberry Pi B+. 

 

 

4.5 CASE STUDIES 

 

Let‟s take an example to run and better understand the processing. E.g. 

“A person is reading the newspaper.” 

 

 

Figure 7: Associative Processed Information 

 

In Figure 7, the query from the environment will be sensed in the 

sensory memory. A received query is sending to perceptual associative 

memory from where only associative information exist. The selection attention 

mechanism selects an important chunk of information. Perceptual learning 

occurs effectively and quickly. However rots as per a converse sigmoid 

capacity; new, powerless memories rot phenomenally quickly, while soaked 
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perceptual memories may keep going for a long time. (Franklin, 2005) This 

processed information will be sent to the action selection from which the task 

will be selected and forwarded back to the environment as a response. E.g. 

person and newspaper will be focused, and all the associative information to 

the person and newspaper will be sent to the selective attention mechanism to 

select the most suitable.  

 

 

Figure 8: Semantic Perception and association’s Insufficient Information 

 

In Figure 8, another path in the memories joins perceptual associative 

memory directly to the declarative memory. The semantic perception and 

association will be stored in Declarative memory. In case of insufficient 

information declarative information will send information from the declarative 

memory to the action selection where the action will be selected, and the task 

will be forwarded to the environment. E.g. This person and newspaper relation 

and associations will be forwarded to the declarative information. In case of 

insufficient information provided, declarative memory will complete it and 

send to the action selection (Amoui, Mazeiar, Siavash, & Ladan, 2008). 
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Figure 9: Recalling Episodic Memory on Insufficient Information 

 

In Figure 9, from perceptual associative memory structural perception 

and association will be sent to the episodic memory to recall the episodes from 

declarative memory and again in the case of insufficient information it will be 

sent to the action selection from declarative memory to select the task needs to 

be forwarded. E.g. The person and newspaper relation in the query are of 

reading and there is insufficient episodic information available in the 

Declarative memory then this will be sent to the action selection. 
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Figure 10: Relational Information from Declarative Memory 

 

In Figure 10, declarative memory is sending relational information to 

the perceptual associative memory; this point needs to be focused in this 

figure. As the episodic memory recalling the episodes in declarative memory 

but there was not any path discussed from which these episodes need to be sent 

back to the perceptual associative memory in case of sufficient information 

retrieved for selective attention mechanism to forward the processed 

information to the action selection for forwarding task. E.g. The person and 

newspaper relation in the query are of reading and there is episode available in 

the Declarative memory that the person reads newspaper while having tea then 

this complete and sufficient information will be recalling of relational 

information from declarative memory to the perceptual associative memory. 
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Figure 11: Procedural Information 

 

In Figure 11, from perceptual associative memory before sending 

associative information to the selective attention mechanism another loop path 

is processed for the procedural memory to send the structural perception and 

associations and call back the procedural information. E.g. As if we focus on 

the episode discussed above. There were two procedures; one was that the 

person is reading the newspaper and the second was that the person is having 

tea. This procedural information will be sent back to the perceptual associative 

memory to make it easy to send the associative information for the selection. 
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Figure 12: Episodic Relevant Information from Procedural Memory 

 

In Figure 12, as addressed above, every procedure is the part of the 

episode as well. Multiple procedures merge to make an episode. So, the 

episodic relevant information gets sent to the episodic memory from 

procedural memory to make it easy to recall it from declarative memory as 

there can be multiple procedures involved where each node of the procedure 

can be part of relations with the multiple episodes. E.g. A person is reading a 

newspaper; this is a procedure, but the relation of reading between person and 

newspaper cannot be only part of one episode. It can be part of a person is 

reading the newspaper while having tea. At the same time can be part of a 

person uses newspaper to wrap up things and this will be part of the experience 

or an episode from the declarative memory that will be recalled making it easy 

for action selection to understand and select the task needs to be forwarded. 
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Figure 13: Procedural Information and Episodic Information 

 

Figure 13 shown that procedural information from the procedural 

memory is being sent to the perceptual associative memory, and the episodic 

information from procedural memory is being sent to the episodic memory. 

Here one thing is noticeable that the prior information is being sent from the 

declarative memory to the procedural memory when the episodic memory 

recalled the episode. Because every episode contains the procedures so those 

episodes are being sent to the procedural memory from where episodic 

information is getting to the episodic memory and procedural information is 

being sent to the perceptual associative memory. E.g. A person is reading the 

newspaper, and „A‟ person is having tea. These two are being sent separately 

as procedures to the perceptual Associative Memory whereas „A‟ person is 

reading the newspaper while having tea is being sent to the episodic memory 

as on episode. 
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Figure 14: Recall path to Declarative Memory from Procedural Memory 

 

As shown in Figure 14 that the prior Information is being sent from 

declarative memory to the procedural memory, but still there was direct path 

was missing between declarative memory and procedural memory from which 

procedural memory can recall directly from declarative memory in case of 

insufficient information available. So, the declarative memory will send that to 

action selection. 
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Figure 15: Triggers from Selective Attention Mechanism 

 

In Figure 15 now, as all associative information is in selective attention 

to be selected and procedural memory, episodic memory and declarative 

memory paths are understood. Triggers can be discussed. Triggers are 

basically the selected pins that are being forwarded to action selection but here 

these selected pins are being sent back to the perceptual associative memory in 

case of insufficient information available for the refining process and to 

process it through procedural memory and episodic memory to the declarative 

memory, and then from declarative memory, it will be processed to the action 

selection and then will be forwarded as response, e.g. Person newspaper. This 

is insufficient information that needs to be processed before sending. So, these 

triggers will be sent to the procedural, episodic and declarative memory path to 

be processed, and then declarative memory will forward it to the action 

selection. 

 

 

4.6 VALIDATION OF PROPOSED ARCHITECTURE  

OF CLOUD ROBOTIC 

 

A practical and straightforward case study will be helpful to evaluate the 

accuracy of the proposed system and execution process. In this case study, the 

user can ask the multiple-choice question to the cloud robot without 

highlighting the correct answer. The proposed system will generate 

automatically respond to the user with an appropriate or most likely answer. 
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Proposed the cloud robotic system has a task planning mechanism that will be 

helpful to take the rational decision in a real-world problem. There are N 

numbers of questions to validate the accuracy of the system. These questions 

are actually based on guessing game concept in which the user can enter only 

two different keywords and enter four multiple choices. At least one choice 

must be the correct answer to the question; nevertheless, it is secret of the user, 

the system does not know the actual answer of the question before processing. 

These questions are similar to the analogy type of puzzle. For instance, the 

user will enter “doctor : hospital” and write four choices, in which “related to” 

option is the right answer. That means “doctor related to hospital”. To just find 

these correct answer system will use the local knowledge base with the power 

of cognition and ConceptNet, if the system has no any answer for the question 

then the query will be uploaded to the cloud. The query will be processed on 

the cloud for shared knowledge by other groups of the cloud enabled. In this 

phase, the query will match with indexes and then check in WordNet or 

hyperspace. The answer to the cloud is based on the outcome of learning 

models used in the group of the cloud enabled robots. Here, this query is 

playing the role as task and local components of the robot are planning for the 

task (means answer the question) while the cloud portion is working for 

knowledge sharing. 

 

The experimental setup of this research includes Neo4j Graph database 

for the knowledge base, Python and Javascript as programming languages, 

Google Cloud Platform for the cloud, and Raspberry Pi 3 Model B+ as the 

robot. Raw dataset downloaded from the official website of ConceptNet using 

source of Github. The version of the name of the dataset is ConceptNet 5 that 

was the latest version available on internet by MIT Media Lab under the 

project of Open Mind Common Sense. It is actually a semantic network-based 

common sense knowledge base. The proposed system of this research 

converted ConceptNet dataset into Neo4j for the graph knowledge base. 

 

 
Figure 16: Neo4j Dataset of Common Sense  

Knowledge for each Robot 
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As shown in Figure 16, the local knowledge base of our proposed the 

cloud robot has 1 label means conceptual knowledge or common sense 

knowledge, 1,787320 number of nodes and 3,423,004 relationships using 47 

relationship types. These 47 types of relationship are shown in Figure 17. This 

comprehensive view of 3,423,004 relationships in 47 different types are clearly 

described the complexity of the single robot knowledge base. It will vary after 

the processing on the cloud so that this system handle and analyse the 

heterogeneous behaviour of robots. 

 

 
Figure 17: Analysis of 3,423,004 relationships in 47  

Relationship types of local knowledge base. 
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Suppose the user enters keyword 1 as “tree” and another keyword 2 as 

“leaf” with multiple choice for system validation. All these things are sensed 

by sensory memory, and only both keywords will process first without using 

four multiple choices. The reason behind this action is simple and similar to 

the human cognition, in which the compiled result or outcome of both 

keywords will match with four options of the question.  

 

 
Figure 18: Knowledge graph of Keyword 1 “tree” 

with other general nodes 

 

As shown in Figure 18, seven nodes are displaying with keyword 1 

“tree”. This directed bi-directional graph is the picture of a small set of 

knowledge relationship, i.e. tree used for decoration, the tree is part of the 

orchard, the tree is related to botany, the tree is related to leaf, and so on. There 

are more than 100+ relationships of the tree, but due to limited space of 

document and only readable nodes are shown in Figure 18. The system 

generated Table # shows the same graph of Figure 18 in text format. The 

“leaf” is the crucial node in Figure 18 and Table 5 that has found with the 

query of the “tree”. 
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Table 5 

Seven nodes of tree with one Relationship 

 
 

Now the processing of Keyword 2 “leaf” is described at glance view in 

Figure 19. Only four nodes are displaying with keyword 2 “leaf”. This directed 

bi-directional graph is the picture of a small set of knowledge relationship, i.e., 

“leaf” is related to “tree”, and so on. There are more than 100+ relationships of 

the leaf, but due to limited space of document and only readable nodes are 

shown in Figure 19. The system generated Table 6 shows the same graph of 

Figure 19 in text format. The “tree” is the important node in Figure 19 and 

Table # that has found with the query of the “leaf”. 

 

 
Figure 19: Knowledge Graph of Keyword 2 “Leaf” 

with other general nodes 
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In Figure 19 and Table 6, leaf related to tree is the significant result of 

the proposed system during the initial processing phase. Because both Figure 

18 and 19 independently search from the local knowledge base of robot. 

Results of in these figures are valuable for the deep analysis of the text in 

multiple dimensions to find the nearest result if actual results are not listed in 

local knowledge base of the robot. In further figures, the specific results will 

be displayed. 

 

Table 6 

Four Different Nodes of the Leaf with one Relationship

 
 

Figure 20: Knowledge Graph of both keywords “tree” 

and “leaf” with all Possible Relationships 

 

As shown in Figure 20, all possible relationships of tree and leaf are 

displayed. It means, the system will provide response in a variety of 

combination to the user. But this is not limited with these relations because if 
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something is missing in the results, the proposed system will use the power of 

the cloud and gain the specific answer from the cloud after sharing knowledge. 

 

Table 7 

Knowledge table of both keywords “tree” 

and “leaf” with relationships 

 
 

In Table 7, results are shown in specific format that will useable for the 

cloud robotics. Now it is time to compare this relationship list with the options 

of multiple choice given from the user. For instance, user has given four 

options, “similarTo”, “RelatedTo”, “hasContext”, and “MannersOf”. In this 

case study, we have found the similar answer from the given option of multiple 

choices that is “RelatedTo”. The system has generated the most appropriate 

answer that is “tree realed to leaf” and accuracy is dependent on the feedback 

of user. Either it is the right answer or not. If the system receives positive or 

negative feedback, then update the weights of the nodes in the knowledge base 

accordingly. These weights will be helpful for future queries. As well as it will 

be verified from the cloud indexes. Actually, there are multiple numbers of 

cognitive cycles are running in system for a single to the enhancement of the 

knowledge base of concepts of the robot.  

 

It is the single robot scenario, let assume there lot of the number of 

group of robots in the real world, and they are working with the cloud. The 

system will deal with the heterogeneity of group f robots attached with the 

cloud and update the local knowledge base via sharing knowledge and 

information processing.  

 

Now we will take another example in which the cloud components are 

working and results will updated from the coordination of the cloud based 

knowledge sharing mechanism. The question is the teacher: student and four 

multiple choices are a) synonym, b) part of, c) likes to teach, and d) fights. The 
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right answer only knows the user. The system will respond according to the 

knowledge base and shared knowledge base via the cloud. 

 

 

Figure 21: Shows the Running Server Instance on the Cloud 
 

Figure 21 is the representation of server-side of the cloud interface. This 

proposed system is consist of python as programming and Flask (micro web-

based framework) that shown in Figure 23. Before asking the MCQ based 

query from the system, it must be enabled with the cloud.  

 

 

Figure 22: Live Cloud Terminal shows the query results on server 
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Figure 22 shows the console of the cloud terminal for the queries. These 

are easily shown in the cloud terminal for the Keyword1 “teacher” and 

“Keyword2” “student”. The last line indicates the found solution of received 

query that is “teacher like to teach student”. 

 

 

Figure 23: The Cloud Robotic Web-based User Interface 

 

Figure 23 shows the comprehensive layout of implemented the cloud 

robotic proposed system with a case study of teacher and student. User can 

enter a question in the section of the environment with four options in which at 

least one must be true. The most left bottom section is representing the 

working of sensory memory. Sensory memory converts all given question into 

JSON format for the smooth execution of the query and will be simple for the 

local robot, and the cloud enabled system. The output of perceptual associative 

memory is retrieved from declarative memory. It can learn from previously 

asked queries by users. Selective attention mechanism just cut off the 

irrelevant chunks and only focus on the portion of the specific query. In this 

case, the selective attention mechanism exclusively focused on both keywords 

and leave all four options to avoid the detractions and a lot of processing 

power. When the system finds an answer, then compare with these all four 

options one by one according to the statistical methodology. Each option has 

individual rating criteria with similarity and upgrades with an increment of 

one. So that, to choose the high rated option from the multiple-choice. 

 

Nevertheless, in this case, declarative memory did not find a similar 

answer according to the given options. Episodic and procedural memories are 

actually part of declarative memory; that is why all algorithms are working 

within declarative memory section. There is the number of responses 
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generated from declarative memory but still did not match any answer with the 

given options. Action selection module has forwarded this query to the cloud 

enabled global LTM, where wordnet has been attached. 

 

 

Figure 24: View of Local Knowledge base before Query from Cloud 

 

As shown in Figure 24, it is the view of local knowledge base before 

query from the cloud. It has only five relations from two sides having three 

unique relations “RelatedTo”, “DistinctFrom”, and “Antonym”. According to 

the MCQ, it has no any matched result from the provided options. That is why 

it will go to the cloud components for the best solution. 

 

 

Figure 25: View of Local Knowledge base after updated from Cloud 
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When the desired answer found from the cloud, the proposed system of 

the cloud robotics has download the new thing in the local knowledge base, as 

shown in Figure 25. Red arrow shows the relation name “likes to teach” from 

node “teacher” to node “student”. It is the successful experiment of the 

proposed solution for the cloud robotics. 

 

Table 8 

Validation of Cloud Robotic Architecture for Task Planning 

UC 

Task Plannin 
 Robot 

Global Long  
Term Memory 

Validation  
Results 

ConceptNet 
(Local 
Result) 

Cloud 
Index 

WordNet Hyperspace 
Number of Correct  

Attempts from 
Queries 

Obtained 
Accuracy 

1 True 
False 

(generate) 
N/A Upload 12/23 52.17% 

2 True True N/A N/A 11/12 91.67% 

3 
False 

(download) 
True N/A N/A 17/19 89.47% 

4 
False 

(download) 
False 

(generate) 
True True 40/41 97.56% 

5 
False 

(download) 
False 

(generate) 
False 

(feedback) 
True 1/2 50% 

6 
False 

(download) 
False 

(generate) 
True 

False 
(upload query) 

1/2 50% 

7 
False 

(synonym) 
False  

(waiting index) 
False 

(feedback) 
False 

(upload query) 
*0/1 (download)  
or 1/1 (upload) 

**N/A 

 
Grand total of answered queries and obtained average 

accuracy of the cloud robotic knowledge sharing system. 
82/100 81.99% 

 

*According to the MCQs based simulation, the user will not receive any 

answer from the cloud robotic system, so that it is considered as zero out of 

one. Furthermore, it will wait for an answer in the waiting index queue, 

whenever this microservice receives the answer, this proposed system has the 

ability to download the result from the cloud and generate an index for others. 

As it is the case of wait, it has not chosen and the wrong option, moreover 

uploading the question on hyperspace/feedback sent to wordNet agency is also 

part of knowledge sharing. Besides, this research is only focused on the 

knowledge sharing for task planning that means knowledge generation and 

task executions are not actually the part of this research. However, due to 

upload this new statement (whatever in the form of a question) on the cloud, it 

is considered as one out of one. 

 

**Because in this case, both conditions exist, that is why the concrete 

result is not applicable to view as zero or one.  
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Table 8 shows at a glance view of all experimental results of the cloud 

robotics knowledge sharing. In which task planning robot consist of two 

columns ConceptNet and (Local result of one robot) and the cloud index 

module. ConceptNet module is used as the knowledge base of one robot that is 

based on the cognition. The result or response of this cognitive robot is in 

Boolean format. The cloud Index represents already done similar task‟s 

indexing on the cloud. If the index is available for the requested query, then it 

will be true; otherwise, all process of the cloud will be enabled for further 

processing. Global LTM is the core component of the cloud knowledge base 

that is shared with other groups of robots. WordNet is actually the play a role 

in this research as the ontology that has the sufficient dataset of semantic 

relations between English language words. 

 

In comparison, hyperspace is actually working for the knowledge 

harvesting module that was proposed in Chapter 4 in this research. It is having 

the facility of web-based solutions for text mining from a whole heap of 

websites via metadata. It has managed the file system(in the form of metadata) 

of this research and uploads the new information for other robots. It means if 

one robot has new information or unsolved questions, such robot can easily 

upload text here and if someone has the solution, then the index will be 

generated for the easy use in future terms.  

 

There are total of seven use cases(UC) happened in one hundred 

different tests/experiments using the MCQs based queries, as discussed in 

Figure 21. If the robot has the find the answer from local knowledge base 

using ConceptNet, this situation considered as “True” and it will check only 

the cloud index and match the result with the cloud already processed 

information. If the index found with the same query and matched(compared), 

this condition measured as “True”. According to this UC2, this proposed 

research system does not allow to further processing on the cloud to save the 

energy, storage, consumption power, processing time, processing cost, and 

provide free space for other processes. That is why WordNet and Hyperspace 

showed as N/A(not applicable) in UC2. If the local system of the cloud robot 

has failed to answer the MCQ, then the cloud components work according to 

the use case and download solution from the cloud as shown in Table 8 UC4, 

UC5, and UC6. In the other hand, if the local system of the cloud robot has the 

right answer of MCQ and there has no any the cloud index on the cloud, then 

the information will upload on Hyperspace to share the solved problem to 

others for future use as shown in UC1.  
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Figure 26: Visualization of results from proposed Cloud Robotic System 

 

As shown in Figure 26, all the results of Table 8 are visually displayed 

in one analysis image. There are three major portions of Figure 26, correct 

attempts, total tests or total use cases, and obtained accuracy of the system. 

UC7 is the special case in these experiments in which all components have 

noting output against the received query. The simulation of the proposed 

research is shown the two different options to handle the failure cases using 

the assistance of the cloud robotics. There are few improvements areas of these 

use cases (UC5, UC6, and UC7) for future work. 
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CHAPTER 5: 
 

CONCLUSION AND FUTURE WORK 
 

 

Overall, the stimulating field of the cloud robotics has only just initiated 

to unwind covering the way to new and intrepid demonstrations within 

automation and control. It is an advancement to have the capacity to perform 

these computational tasks and allocating these task to different robots. It is the 

more logical paradigm to utilizing the cloud engine to grasp an ever-growing 

and enlarging the convoluted set of algorithms, and these are employed in 

vision possession systems and formation control. Industry 5.0 will play a vital 

for advanced manufacturing in the global environment. The collaboration of 

human with the robot will have a quantum leap in this time period. 

 

In order to understand the works presented in this thesis, we briefly 

review the path that followed throughout this work. In Chapter 3, a 

comparative analysis of the literature was presented to highlight the 

influencing factors of the cloud robotics. It also aimed to identify current 

trends in this field and gaps present in the existing research. The analysis 

further reflected that wrong estimation of time and cost is the primary factor 

causing the cloud robotics knowledge sharing mechanism.  

 

 

5.1 FUTURE DIRECTION 
  

1) Future research may help the decision making to find the 

problems that execute the tasks in a dynamic and effective way. 

2) The reusing of already developed robotic knowledge in new 

projects could be implemented in future. 

3) Future research could be providing solutions to the cloud based 

robots development team after understanding problems. 

4) Overall, this research adds new dimensions in the field of 

knowledge management for robotics and cloud computing 

working under similar circumstances. 
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