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ABSTRACT 
Ubiquitous computing refers to the distribution of data over a large amount of data 

sources. Such a computing system gathers millions of resources to enable parallel computing 
applications Its goal is to harness the Internet’s vast computational capacity for large parallel 
applications. Since many users deal with these systems day and night, reliability and throughput 
are very important to them, therefore, this paper focuses on improving them in ubiquitous 
computing systems. This article suggests a spider optimization algorithm to improve 
parameters like reliability and throughput. It compares with other evolutionary algorithms; the 
result of the simulation shows significant improvement in comparison to other algorithms. 
Keywords:  Ubiquitous Computing, Network Computing, Social Spider Optimization 
Algorithm, reliability, throughput. 
 
1-INTRODUCTION 

Today, ubiquitous computing (global computing) has been introduced to share the power 
of all parallel computers to provide resources to users in the most remote locations. Ubiquitous 
computing is a new concept that includes a large collection of computers connected with the 
help of the Internet to be able to use their processing power to work on time-consuming 
processes [1]. Ubiquitous computing has the idea of harnessing the computational power of 
networked computers. It allows users to access and share computational resources including 
hardware, software, and data published by others across a wide area network (WAN) [2]. 
Ubiquitous computing means collecting the idle time of computers connected to the Internet 
and using them to solve problems on a massive scale. Therefore, ubiquitous computing can 
extend the cycle theft model throughout the Internet. A typical architecture of ubiquitous 
computing systems is shown in Figure 1 [3]. The ubiquitous computing system may be 
regarded as the natural evolution of the Internet. It can harness ubiquitous resources (CPU time, 
memory, disk storage) and make them available to any user on the Internet. In such a ubiquitous 
computing environment, mobile devices contain various kinds of data: content data, profile 
data, and essential metadata [4].  

The main components of a ubiquitous computing system include the following [5]: 

- Sharing by several clients: Computing servers can be shared by several clients in the network, 
where the computing task is shared. 
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- Communication performance: Ubiquitous computing requires large amounts of data to be sent 
over the network. 

- Remote Library  Design and Reuse: When executing remote libraries on the computing servers, 
there is an option as to whether to distribute the computing resources amongst different client 
requests in a task parallel manner or to allocate all the processors to each client task. 

The main feature of a global computer is its geographical distribution and its widespread 
use, because in ubiquitous computing it connects different devices such as clusters, PCs, PDAs,  
handsets, and mobile phones that may be widely dispersed geographically, and this makes the 
issue of reliability vital. [3]. 
In this article: Section 2 discusses relevant work that has already been done; Section 3 provides 
a review of ubiquitous computing. The social spider optimization algorithm was explained in 
Section 4andin Section 5, proposed new modeling of the variable through the web. In section 
6, we have the Evaluation, and Finally, in section 7conclusion. 
 

 
Fig-1: A typical architecture of ubiquitous computing systems [3]. 

2-EXISTING RELATED WORK 
The scale of the Global Computing System (GCS) paradigm requires to review of the basic 

issues of distributed systems, i.e. security, performance models, scalability, and fault tolerance. 
Researchers in this paper review recent work in Ubiquitous Computing, in Peer-to-Peer 
systems.َ Also, present XtremWeb, the Ubiquitous Computing System we are currently 
developing[2]. 

In another paper, the researchers focused on ubiquitous computing, according to them 
ubiquitous computing represents a paradigm shift from storing data in monolithic data 
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management systems towards seeing it distributed over a large number of mobile, small, data-
carrying devices. In another paper, the researchers focused on ubiquitous computing, which 
they say represents a shift in the paradigm of data storage in integrated data management 
systems toward its distribution across a large number of small, mobile, and portable devices. 
The ubiquitous computing system can be known as the natural evolution of the Internet, which 
is related to network computing, cluster computing, and Internet computing[3,4]. 

Swarm intelligence mimics the nature methods to solve optimization problems. There are 
different metaheuristic algorithms used to drive a search for the optimal solution such as Ant 
Colony Optimization (ACO), Particle Swarm Optimization (PSO), Firefly Algorithm (FA), 
Genetic Algorithm (GA), Artificial Bee Colony Optimization (ABC), Social Spider Algorithm 
(SSA) and Social Spider Optimization Algorithm (SSO). 

In general, the success of evolutionary algorithms (EAs) in solving optimization problems 
relies on the proper selection of control parameters [6]. Control parameter tuning is the process 
where different combinations of parameters are assessed to achieve the best performance in 
terms of solution quality and/or computational complexity. Parameter sensitivity analysis 
methods and applications have attracted much research attention in the past decades and much 
work has been done to fully exploit the searching power of EAs [7]. An early example of such 
applications was conducted by Grefenstette, in which the control parameters of a genetic 
algorithm were tuned by another one to improve the performance of an image registration 
problem. So far, parameter sensitivity tests have been performed on most of the existing EAs, 
for example, PSO [9] and DE [10]. 

Social Spider Algorithm (SSA) is a recently proposed metaheuristic designed to solve real-
parameter black-box optimization problems [11]. SSA performs optimization by mimicking 
the search behavior of social spiders [12]; The same process has been used in solving 
benchmark optimization problems [11] and real-world problems [13] [14] and has resulted in 
satisfactory performance. Although the performance of SSA in existing work outperforms the 
compared algorithms, it is influenced by the four control parameters (population size, 
attenuation rate, change rate, and mask rate). Therefore, the correct setting of the parameters is 
necessary to show the efficiency of SSA as a problem solver. SSO formulates the search space 
as a web on which each position represents a feasible solution to the optimization problem and 
all feasible solutions to the problem have corresponding positions on this web [15, 16]. Each 
spider on the web holds fitness value which is based upon the objective function, and 
represented by the potential of finding a food source at the position. SSA is used for solving 
constrained optimization problems[15, 17]. 

ABC depends upon the intelligent foraging behavior of bees. The number of working bees 
is equal to the number of food sources. This bees do waggle dance when they choose their food 
source. Onlooker bees watch the dance of employed bees and select one of their food sources 
depending upon the dance and move towards that, after that it evaluates its nectar amount. [18, 
19]. 

3-UBIQUITOUS COMPUTING 
Ubiquitous computing is beneficial for a  user who is looking for some extra computational 

power to run parallel supercomputing applications[21]. An important feature of ubiquitous 
computing systems is location transparency; information can be obtained irrespective of time 
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or location[21]. Corporations can use ubiquitous computers to run large parallel and distributed 
applications with performance far superior to today’s supercomputers, at a fraction of the cost 
[21]. 

A major challenge will be how multiple, heterogeneous ubiquitous computers can interact 
effectively and securely. Although ubiquitous computations are expected to tolerate low rates 
of errors, massive attacks occur when the error rates are larger than tolerable. Such widespread 
attacks may occur due to distributed denial of service. With today's internet that does not have 
enough bandwidth, this becomes a bottleneck. [22]. 
 
4-SOCIAL SPIDER OPTIMIZATION ALGORITHM 

A majority of the spiders are solitary which means that they spend most of their lives 
without interacting with others. Among the 35000 spider species observed and described by 
scientists, some species are social. These spiders live in groups. Based on these social spiders, 
social spider optimization (SSO) was developed to optimize the problems. There are two 
components of an SSColony, social members and communal web. The social members are 
divided into females and males. The number of female spiders reaches 70%, while the number 
of male spiders reaches 30% of the total colony members. Female spider presents an attraction 
or dislike to other spiders according to their vibrations based on the weight and distance of the 
members[23]. 

In the Social Spider Optimization (SSO) algorithm, the shared web represents the search 
space. The search space of the optimization problem is seen as a hyper-dimensional spider web. 
Each solution in the search space also represents the position of the spider. The weight of each 
spider represents the fitness value. The search behavior of spiders can also be explained as the 
cooperative movement of spiders toward the food source. Spiders are very sensitive to 
vibratory stimulation as vibrations on their webs notify them of the capture of prey. Each of 
the spiders on the web has a position and solution fitness value. When a spider is moving to a 
new position, it creates a vibration that propagates through the web. Each vibration holds the 
information of one spider and other spiders can get the information [24]. 

 
Fig-2: Schematic data-flow[23] 
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4-1- Differences between SSO and Other Evolutionary Computation Algorithms 
Many meta-heuristic algorithms have been introduced in recent years. Among them, PSO 

and ACO are the most widely used algorithms studied.SSO may also be classified as a meta-
processing algorithm, but it has many differences from PSO and ACO, which are explained 
below. 

PSO, like SSO, was originally proposed to solve optimization problems inspired by animal 
behavior. However, the first important difference between SSO and PSO is in the following 
patterns. In PSO, all particles follow the joint best global position and their own personal best 
position. While in SSO, spiders follow positions created by others' current positions and their 
previous positions, which positions are not guaranteed to visit the previous population, and 
different spiders can have different positions. Since the best global position and the current 
position of the spiders are different most of the time in the optimization process, the following 
two patterns cause different search behaviors. This may weaken the convergence ability of 
SSO, on the other hand, it can especially enhance the ability to solve multi-objective 
optimization problems with a large number of local optimization. ACO uses the path between 
the ant hive and food sources to introduce suitable solutions for the optimization problems. 
ACO was originally designed to solve combinatorial problems. Although, in recent years, 
variable ACO algorithms have also been designed to solve continuous problems [25]. 

The differences in the social spider optimization algorithm (SSO) lie in all aspects of the 
algorithm design[26]. The most important difference is that in SSO, spiders are classified by 
sex so male and female spiders have different search operations. But spiders in SSA search all 
the same. SSA also incorporates the information diffusion model into its algorithm design; 
Therefore, the social spider population in SSA is consistent with the IS model. Furthermore, 
SSA behavior mimics the foraging behavior of social spiders, while SSO mimics the mating 
behavior of social spiders. In SSO there are three spider movement operators executed first in 
parallel and then in sequence. The moving pattern of the third operator highly depends on the 
first two operators. 

4-2- SSO: Initializing the population 
The algorithm starts: by initializing the population S of N spider positions (solution). 
The population contains females fi and males mi.  
The number of females is randomly selected within the range of 65% - 90% and calculated 

by the following equation[27]: 
Nf=floorp[(0.9-rand(0,1).0.25).N] 
 
The number of male spiders Nm is calculated as follows. 
Nm=N-Nf 
The female spider position fi is generated randomly between the lower initial parameter 

bound plow and the upper initial parameter bound phigh  as follows. 
fi0,j=pj

low+rand(0,1).(pj
high –pj

low) 
i=1,2,…,Nf ;j=1,2,…,n 
The male spider position mi is generated randomly as follows. 

 
Mi

0,j = pj
low + rand(0,1).(pj

high –pj
low) 
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i=1,2,…,Nm ;j=1,2,…,n 

4-3- SSO: Fitness evaluation 
In the SSO algorithm, the weight of each spider represents the quality of the solution. The 

function value of each solution i is calculated as follow[23]. 
         J(si) - woests 

Wj = ــ   ــــــــــــــــــــــــــــــ
          bests - worses  

Where J(si) is the fitness value obtained of the spider position si, the values worst and bests 
are the maximum and the minimum values of the solution in the population respectively.  
 

4-4- SSO:  Vibrations through the communal web 
The information among the colony members is transmitted through the communal web 

and encoded as small vibrations. The vibrations depend on the weight and distance of the spider 
which has generated them. The information transmitted (vibrations) perceived by the individual 
i from member j are modeled as follows [23]. 

Vibi,j = wj.e-d2i,j 
Where the dij is the Euclidian distance between the spiders i and j. 

5- MODELING OF THE VIBRATIONS SSO THROUGH THE COMMUNAL WEB 
The SSO search space is designed as a web, where each position is related to a possible 

solution to the problem and corresponds to the fitness value of the objective function. The 
quality solution (fitness) corresponds to the potential of finding a food source. As each spider 
moves to a new location, the other spiders notice the movement because the vibrations can be 
transmitted through the web, thus sharing collective social knowledge between them. 

There are three relationships of the vibrations between any pair of spiders as 
follows.VibrationsVibci. The transmitted information (vibrations) between the individual i and 
the member c (sc), which is the nearest member to i with a higher weight is defined as follows. 

Vibci = wc.e-d2i,c 
Vibrations Vibbi. The transmitted information (vibrations) between the individual i and 

the member b (sb) which is the best member in the population S can be defined as follow. 
Vibbi = wb.e-d2i,b 

Vibrations Vibfi. The transmitted information (vibrations) between the individual i and the 
nearest female individual f(sf ) is defined as follows. 
Vibfi = wf.e-d2i,f 
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Fig-3: Configuration of each special relation: a)Vibci, b)Vibbiand c)Vibfi [25] 
 
Male cooperative  

• D: The male spider with a weight value above the median value of the male population. 
• ND: The other males with weights under the median.  
• The dominant spider has better fitness and they are attracted to the closest female spider in the 

communal web.  
• Non-dominant male spiders tend to concentrate in the center of the male population as a 

strategy to take advantage of resources wasted by dominant males. 
• The position of the male spider: 

                     mi
t+a.Vibfi .(sf – mi

t) + ð.(rand – 0.5)  if wNf+i>wNf +m 

Mi
t+1={mi

t+ a.(∑ 𝑚ே௠
௛ୀଵ h

t .wnf+h–mi
t ) 

                                      ∑ 𝑤ே௠
௛ୀଵ Nf+h 

 
Where sf represents the nearest female spider to the male spider i  and W is the median weight 
indexed by Nf + m of the male spider population. 
 
Female cooperative operator 

• The movement of attraction or repulsion of a female spider i at time step t+1 is developed over 
spiders according to their vibrations 

• Generate A uniform random number rmwithin the range [0,1]. 
 

• If rm is smaller than a threshold PF, it causes an attraction movement. Otherwise, it causes a 
repulsive movement: 
 
                   fi

t + a.Vibci .(sc - fi
t )+ß.Vibbi .(sb - fi

t )+ð.(rand – 0.5) with probabilityPF 
Fi

t+1={fit - a.Vibci .(sc - fi
t ) - ß.Vibbi . .(sb - fi

t )+ð.(rand – 0.5) with probability1-PF 
 

• Where rm,α,β,δ, and rand are uniform random numbers between [0, 1], and sbandscrepresent 
the nearest member to i that holds the best spider of the entire population and higher weight, 
respectively. 
Mating operator 

• The mating in a social spider colony: by the dominant males and the female members.  
• Forming a new brood: placement of a set Eg of female members in a specific range r by a 

dominant male mg spider, 
 

  ෌ (𝑝
௡

௝ୀଵ
j
high – pj

low) 

      r =  
                    2.n 
 

• Where n is the dimension of the problem, and lj
high and lj

low are the upper and lower bounds. 
• When the new spider is formed, it is compared to the worst spider in the colony. If the new 
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spider is better, the worst spider is replaced with the new spider. 
 

According to the explanation given, ubiquitous computing works with thousands of 
thousands of systems around the world; that quality, efficiency, and reliability are the first 
words in these communications. On the other hand, optimization algorithms have shown their 
optimality in every field; Therefore, with the help and implementation of one of the best 
optimization algorithms called a social spider, we can have an effect on these communications 
and transmissions, which we do not claim to be of the highest quality; But it is possible to 
imitate the life of these spiders and improve the network as much as possible. 

6- EVALUATION 

6-1- Research data 
Tavallaee et al. (2009) [28] presented a new dataset called NSL-KDD, which consists of 

selected files of KDD dataset and does not suffer from any shortage. In this research, like other 
valid articles in this field, the mentioned dataset is used. 
 

6-2- Comparison 
To evaluate the method presented in this research, several criteria should be considered. 

These criteria include: 
- The feasibility of the implementation in the real world. 
- Ensuring the optimal deployment of nodes. 
To evaluate and compare the proposed method, the proposed work is compared with 

artificial fish, bees, and genetic algorithms[29]. 
To evaluate the performance of the proposed method, the method was compared with 

known algorithms. The simulation parameters are listed in the table below [30-35]. The 
following indicators are considered in the evaluation: 

1) Network lifetime. 
2) The number of remaining nodes over time. 
3) Total remaining energy of nodes in each round. 

 

Table-1: Simulation parameters 

100, 200 The number of Nodes is N 

100 × 100 𝑚2 Network size 

𝐸0 = 0.5𝐽 Primary energy 

0.1 probability CH (P) 

𝐸𝐷𝐴 = 50𝑛𝐽/𝑏𝑖𝑡 Energy cost of data collection 

4000 bits closed size 

𝐸𝑒𝑙𝑒𝑐 = 50𝑛𝐽/𝑏𝑖𝑡 Transmitter/Receiver Electronica 
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𝜖𝑓𝑠 = 10𝑝𝑗/𝑏𝑖𝑡/𝑚2 Transmission amplifier 

𝜖𝑚𝑝 = 0.0013𝑝𝑗/𝑏𝑖𝑡/𝑚4 Transmission amplifier 

1 𝜶 (super) 

2 𝜷 (advanced) 

0.5 𝒎 

0.4 𝒎𝟎 

0.7 Probability of fitness function 𝒑𝟏 

0.3 Probability of fitness function𝒑𝟐 

 
Figure 4 shows the comparison of the number of live nodes against the number of 

repetitions (rounds) of 100 nodes; 
 

 
Fig-4:Network lifetime, 𝑁 = 100 

  
From the experiments, it can be concluded that the proposed method has more remaining 

nodes than other algorithms; So, with the help of the presented method, the lifetime of the 
network can be increased, because the error rate has decreased, and the efficiency and reliability 
have increased accordingly. Figure 5 analyzes the reliability of the network among the existing 
methods. 
Figure 6 shows the performance of all considered algorithms. 
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Fig-5:Comparison of reliability 
 

 
Fig-6:Ratio between time and throughput 
 

The performance of the social spider optimization algorithm is slightly better than other 
algorithms. Therefore, according to the comparisons, the performance and speed of data 
transfer by the social spider optimization algorithm are better than the other algorithms under 
review. 
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7-CONCLUSION 
Ubiquitous computing is a method of performing calculations in a vast and huge network 

like the Internet. Ubiquitous computing systems have been introduced to effectively use 
Internet-connected resources on a global scale.  

In this article, we tried to first understand ubiquitous computing, examine its challenges 
and limitations, then look for a solution to improve it. Therefore, we decided to use the social 
spider optimization algorithm because optimization algorithms are a good solution to improve 
the quality of systems. The optimization algorithm of the social spider can be used to increase 
the efficiency and quality of communications and transmissions of ubiquitous computing 
systems. 

The results of the comparisons show that the proposed method can be highly effective in 
increasing efficiency and improving network reliability. A comparative analysis between the 
social spider algorithm, bee, and artificial fish algorithm has been done based on parameters 
such as network length and throughput. The performance and data transfer speed of the social 
spider optimization algorithm are better than other algorithms considered in this research. 
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