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AbstrAct: Users of distributed systems often detect 
performance problems of different types and sources which 
can sometimes be difficult to trace down to a specific cause 
due to the complex structure of distributed systems. However, 
determining the source of the performance problem is highly 
critical in finding an efficient solution. Managing data fragments 
on different nodes is one of the major sources of such a problem 
and is considered as a big challenge facing system developers 
and designers in a distributed environment. 

This paper contributes in deciding on the most efficient pos-
sible allocation alternatives for data partitions in a distributed 
environment based on the access patterns and the cost data 
manipulation. 
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1. Introduction 

Data allocation is a key performance factor for distributed database 
and data warehouse systems. However, finding optimal solutions 
for data allocation in a distributed environment is a difficult problem 
to deal with. This is mainly because many allocation design factors 
are considered for optimal data distribution. Assuming that the 
database is properly fragmented, the designer has to decide on 
the optimal allocation of the fragments to various sites on the 
network and determine which copy or copies of data to access, 
where to process and how to route the data.

Typically, users at each site or node have their own set of informa-
tion requirements. Some of these involve data that is unique to users 
at a single node. Others require data that is shared among users at 
multiple nodes. However, to satisfy a user request in a distributed 
environment, you need to determine where the needed data is 
located and a strategy that specifies which copy of the data to be 
accessed and where it will be processed should be identified.

2. Related Work 

A distributed database comprises a set of fragments of 
databases stored at multiple sites that work together and 
appear as a single database to the user. Each database server 
in the distributed database is controlled by its local database 

management system. The objective of data distribution is to 
meet the information needs of business organizations having 
different sites with one or more computer systems connected 
via some communications network.

In a distributed warehouse database system the allocation of 
data over different sites or nodes of the network is a critical 
aspect of database design effort. A poor distribution can lead 
to higher loads and hence higher costs in the nodes or in the 
communication network, so that the system cannot handle the 
required set of transactions efficiently.

Fragments allocation problem has been extensively studied in 
both static and dynamic environments. In a static environment 
where the access probabilities of nodes to the fragments never 
change, a static allocation has been proposed prior to the design 
of a database depending on some static data access patterns. 
However, in a dynamic environment where these probabilities 
change over time, the static allocation solution would degrade 
the database performance. Initial studies on dynamic data allo-
cation give a framework for data redistribution and demonstrate 
how to perform the redistribution process in a minimum possible 
time. In [4] a dynamic data allocation algorithm for non-replicated 
database systems is proposed named optimal algorithm, but no 
modelling is done to analyze the algorithm. In [14] the threshold 
algorithm is proposed for dynamic data allocation algorithm 
which reallocates data with respect to changing data access 
patterns with special focus on load balancing issues.

Many authors have considered various aspects of the allocation 
problem, in a variety of contexts. For example, [12] incorporate secu-
rity considerations into the fragment allocation process [13] consider 
allocation in the context of multidimensional databases [11] present 
an algorithm for allocation and replication that adapts to the changing 
patterns of online requests [2] consider incorporating partitioning 
into an automatic design framework, and [6] considers incremental 
allocation and reallocation based on changes in workload. 

[15] consider the related problem of distributing the documents of 
a Web site among the server nodes of a geographically distrib-
uted Web server. The problem of replica placement is considered 
in [7] for networks using a read-one-write-all policy, and in [10] for 
wide-area systems, while [Buchholz and Buchholz 04] consider 
it in the context of content delivery networks. 

Various approaches have already been adopted to solve the 
data allocation problem in distributed systems [8], [6], [5]. Some 
approaches are limited in their theoretical and implementa-
tion parts [3], [9]. Other approaches present exponential time 
of complexity and test their performance on specific types of 
network connectivity [1]. 

A major cost in executing queries in a distributed database sys-
tem is the data transfer cost incurred in transferring fragments 
accessed by a query from different sites to the site where the 
query is initiated. The objective of a data allocation algorithm is 
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to determine the assignment of fragments at different sites so 
as to minimize the total data transfer cost incurred in executing 
a set of queries.

In this chapter a new approach for data allocation based on 
SAGA is going to be presented and analyzed. 

3. The Allocation Problem

Fragment allocation is a distribution design technique to improve 
the system performance by reducing the total query costs. The 
allocation problem involves finding the optimal distribution of 
fragments to sites. Optimality can be defined with respect to 
two measures, cost and performance. In the proposed work 
it is assumed that the fragments have been determined, and 
the focus will be on the problem of allocating them in such a 
way as to minimize the total cost resulting from transmissions 
generated by user queries.

The objective of the proposed fragment allocation method is 
to determine which fragments are used by each query being 
hosted at specific sites such that all queries are satisfied while 
minimizing the communication cost, processing time, and stor-
age costs, and in the same time not violating storage capacity 
and processing time constraints.

To describe fragment allocation problem, let’s assume that 
we have a distributed database which is composed of m sites  
S = {S1, S2, …., Sm), where 1 ≤ i ≤ m and each site Si is character-
ized by memory, CPU and a DBMS and all sites are connected 
by a communication network and assigned a set of F fragments, 
where each fragment Fj, is characterized by its size zj            

F = {z1, z2, z3, ….., zj, ……, zn}. 

Each fragment is requested by at least one of the sites. The 
site requirements for each fragment are indicated by the query 
matrix,

systems, while [Buchholz and Buchholz 04] consider it in 
the context of content delivery networks. 
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and each site Si is characterized by memory, CPU and a 
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q1,1 q1,2 …. q1,n 
 

Q  =  q2,1 q2,2 …. q2,n 
    . . . . 
 qm,1 qm,2 …. qm,n 
 
 
Where qi,j indicates the requirement for fragment j by site 
i. 
 

A theoretical framework is provided for this problem 
within the context of relational model that deals with it as 
a space optimization problem to be solved using SAGA 
algorithm. 

IV Algorithm for Data Allocation 

In the proposed SAGA algorithm, GA starts by 
generating 100 solutions (chromosomes) randomly as the 
initial population. This population is then used to produce 
the next generation using the GA operations of selection, 
crossover and mutation. The newly generated population 
will contain 100 offspring (new solutions). The process of 
producing new generations will be repeated 50 times. We 
will refer to the process of generating 100 initial 
chromosomes to reproduce 50 generations as Test-1. This 
operation of Test-1 will be run 100 times to obtain 100 × 
50 × 100 chromosomes, accumulating to 500,000 
solutions, and each solution has a cost of allocation 
(fitness value) calculated according to Table 4.2. 
 

SA role in SAGA starts at the parents’ selection step 
of GA. Mainly, SA forces GA to select the parents from a 
wider space of population by accepting low fitness 
chromosomes (bad solutions) with the hope to improve 
solutions in future generations. We implemented the 
entire operation of producing 500,000 solutions 4 times, 
every time using different method: 
 First, using GA with random single-point crossover 

(GA). 
 Second, using GA + SA by increasing the 

temperature from 0 to 100 (SAGA 0-100). 
 Third, using GA + SA by decreasing the temperature 

from 100 to 0 (SAGA 100-0). 
 Fourth, using GA + SA by fixing the temperature at 

100 (SAGA 100). 
 
Note: The first implementation (GA) is equivalent to 

SAGA when fixing the temperature at zero. And the 
fourth implementation (SAGA 100) is equivalent to GA 
when we select the pair of parents from the entire 
population (zero fitness).  
 

To obtain accurate and comparable results for the 
four implementations we used the same input (the initial 
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0 to 100 (SAGA 0-100). 
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Fourth, using • GA + SA by fixing the temperature at 100 
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Note: The first implementation (GA) is equivalent to SAGA when 
fixing the temperature at zero. And the fourth implementation 
(SAGA 100) is equivalent to GA when we select the pair of 
parents from the entire population (zero fitness).  

To obtain accurate and comparable results for the four imple-
mentations we used the same input (the initial population) in 
the four methods. Therefore, we created a repository containing 
100 compartments and in each one we randomly generated 
and saved 100 initial chromosomes. Then we forced each of 
the four implementations to get its initial population from the 
generated repository instead of creating it randomly.  

For example, in SAGA 0-100 method, to understand the effect 
of SA on how the GA creates a set of parents, let’s assume that 
we want to produce 25 generations in the whole test and we 
have 100 chromosomes in the initial population from which GA 
selected the fittest 25% (25 chromosomes) in the generation 
number 1. Thus, the remaining 75 chromosomes that represent 
bad solutions should be included gradually to the set of parents 
in the subsequent generations controlled by the temperature 
parameter of SA. The SA will gradually increase the temperature 
from 0 to 100 at an interval of 4 per generation. At each step of 
temperature increment the SA forces GA to accept more bad 
solutions (3 in our example) from the remaining 75%. So, in 
generation number 2 we will include 3% more chromosomes to 
the already selected 25% to have a total of 28%. This process 
will continue until the entire range (100%) of the chromosomes 
is included by the end of the 25th generation.  

Similarly, if we reverse the selection of chromosomes from 
100% to 25% then this will represent movement from high 
temperature to low temperature (100-0). At a high temperature, 
a large range is sampled, but as the temperature decreases 
so does the sampling range until the algorithm stops when a 
freezing condition is met.  

5. SAGA Implementation Results 

To test the SAGA algorithm we used the same data sample 
used by [8] as a benchmark and adopted their butterfly network 
topology (see Fig. 1). 

The distributed database used by [8] was containing 15 frag-
ments that need to be allocated over 5 sites, and it was as-
sumed that each site requires specific fragments as presented 
in Table 1.   
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Where qi,j indicates the requirement for fragment j by site 
i and tij is the transmission cost for fragment j to site i for 
the n fragments. 

It is also assumed that the cost of data movement 
from one site to the other is only one unit (see Table 1). 
According to these assumptions the cost of allocating 
fragments to sites based on data movements is shown in Table 
2. 
 

To see how the communication cost presented in 
table 2 is calculated let's see for example how the 
allocation cost for fragment 9 is calculated. If we allocate 
fragment 9 to site 1, given that fragment 9 was required 
by sites 1 and 4 (according to table 1). Then the total cost 
of fragment 9 allocation is composed of two costs:  
 

Cost(9) = Cost(1, 9) + Cost(4, 9) = 0 + 2 = 2 
 

As fragment 9 was already allocated to site 1, 
then the cost of requesting fragment 9 from site 1 to site 1 
will be zero as it will be local request i.e. Cost(1, 9) = 0. 
However, the Cost(4, 9) = 2 because the request for 
fragment 9 from site 4 passes through site 2, i.e. it 
involves two movements, from site 1 to site 2 and then 
from site 2 to site 4.  
Similarly, if we want to allocate fragment 10 to site 4 then 
the total cost will be: 
 
Table 2: Cost of Fragment Allocation to Sites    

Site Required Fragments 
1 6, 9, 10, 12, 13, 14 
2 7, 11 
3 3, 4, 5, 6, 10, 12, 13, 14 
4 2, 4, 5, 8, 9, 10, 11, 14 
5 1, 2, 3, 6, 10, 15 

S/F 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

1 1 3 3 4 4 3 1 2 2 5 3 2 2 4 1 
2 1 2 2 2 2 3 0 1 2 4 1 2 2 3 1 
3 2 3 2 1 1 4 1 1 3 5 2 2 2 3 2 
4 2 2 3 1 1 5 1 0 2 5 1 3 3 3 2 
5 0 2 2 4 4 3 1 2 3 5 3 3 3 5 0 
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Site Required Fragments 
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be local request i.e. Cost(1, 9) = 0. However, the Cost(4, 9) = 2 
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+ 1 + 0 + 2 = 5  

Any chromosome (solution) consists of 15 genes (15 fragments) 
and each gene will take a value between 1 and 5 representing 
a site number (5 sites). And the total cost for a solution will 
be calculated according to Table 2. For example, the solution 
(543435241221135) that cost 23 is calculated in table 3.  After 
executing the aforementioned four implementations we obtained 
two million solutions (500,000 for each implementation). Fig. 2 
illustrates the number of solutions for each cost resulted for the 
four implementations. 

F 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 
S 5 4 3 4 3 5 2 4 1 2 2 1 1 3 5 
C 0 2 2 1 1 3 0 0 2 4 1 2 2 3 0 

Table 3. Calculating the cost for a sample solution 
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that of SAGA 0-100. A little improvement was found when using 
SAGA 0-100 compared to GA. In the next phase we used SAGA 
100-0 which outperformed both GA and SAGA 0-100. However, 
both of the used SAGA methods didn’t significantly enhance GA 
results and were far below of our expectations. Therefore, we 
introduced the SAGA 100 method by fixing the temperature at 100 
to enforce GA to accept bad solutions with the hope (which come 
to be true) to improve the obtained solutions as the reproduction 
process proceeds. If we look at Table 2 and Figure 2, it can be 
noticed that the number of low cost solutions (like 23, 24 ...etc) 
are more when using SAGA (both SAGA 100-0 and SAGA 0-100) 
compared to GA. However, when comparing both SAGA results 
it is found that SAGA 100-0 is more efficient than SAGA 0-100. 
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Furtherm ore, SAGA 100 produced much better results (low 
cost solutions) compared to all other methods, mainly because 
it used the entire range of initial solutions without filtration.  

Additionally, when calculating the average cost for each genera-
tion (50 generations), it was found that in SAGA 100 the average 
cost was noticeably decreasing all through the implementation 
process. Figure 3 supports the reached conclusions. 
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sites and 15 fragments, where the fragment size is 1. A 
fragment matrix was generated in both GA 
implementations to represent the requirement of each 
fragment by the different sites (see Table 1). 
 

F 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 
S 5 4 3 4 3 5 2 4 1 2 2 1 1 3 5 
C 0 2 2 1 1 3 0 0 2 4 1 2 2 3 0 

Figure 3. The average cost per generation 



 Journal of Digital Information Management   Volume  9  Number  3  June  2011 125

5.2 Proposed GA Results VS [8] GA Results 
After comparing the different methods of the proposed SAGA 
algorithm among themselves, I now present a brief comparison 
of the proposed GA to that proposed by [8] with regard to the 
best result obtained for the allocation cost. 

Both GA algorithms were tested using generational population 
model where GA saves offspring in a temporary location until the 
end of a generation where offspring replace the entire current 
population. [8] used different combinations of crossover opera-
tors, however, this study is only interested in the result obtained 
using single point crossover as it is the crossover method being 
used in the proposed GA implementation.  

The proposed GA implementations started with the same 
benchmark of [8] considering a problem with 5 sites and 15 
fragments, where the fragment size is 1. A fragment matrix was 
generated in both GA implementations to represent the require-
ment of each fragment by the different sites (see Table 1). 

 Corcoran (GA) The proposed (GA) 
Model Single Crossover 

(Simple) 
Best Result Obtained 

(Least cost) 
Generational  26 23 

Table 4. Our GA Results VS Corcoran’s Results 

The objective of both GA implementations was to place each 
fragment to the location that yields the least cost. 

Table 4 summarizes the result of the best result obtained by 
each GA implementation using single point crossover (simple 
crossover). 

6. Conclusion  

This paper contributes by allocating data fragments to their 
optimal location, in a distributed network, based on the access 
patterns for fragments. A SAGA approach for optimal allocation 
of data fragments in a distributed environment was proposed, 
where the mechanism for achieving this optimality relied on 
knowing the cost involved in moving data fragments from one 
site to the other. 

In SAGA approach, different SAGA methods for data allocation 
were employed. However, the implementation confirmed that 
SAGA 100 outperformed all other SAGA and GA methods as 
it helped us to reach low cost solutions much faster.  

When comparing the proposed GA results with the results ob-
tained by [8], it was found that the implementation of the proposed 
GA has produced better results for the allocation cost compared 
to the one produced by Corcoran’s for a single-point crossover.

However, extending our work using simulated annealing with 
genetic algorithm (SAGA) has certainly improved the quality of 
solution for the data allocation problem. 
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