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Abstract - Sequence alignment plays an important role in 

bioinformatics. There are two types of sequence alignment, 

global and local alignment. Needleman-Wunsch algorithm is 

the most famous example of global alignment. It is based on 

sequential computing so it has a problem of being slow. In this 

paper we present a new global alignment algorithm that can 

be implemented using parallel computing (such as grid 

computing) rather than sequential computing. The grid 

computing-based sequence alignment has the advantage of 

being as fast as heuristic algorithms and as sensitive as 

dynamic programming algorithms. We also present a 

comparative study between our approach and Needleman-

Wunsch algorithm according to time and spaces complexity. 

Keywords: Sequence Alignment, Dynamic Programming, 

Grid Computing  

 

1 Introduction 

  Sequence alignment is used to detect the functional, 

structural, or evolutionary similarities between two DNA, 

RNA, or protein sequences [1]. Detection of similarities in 

viruses and bacterium can help scientists find treatments for 

diseases.  

There are several methods that have been implemented to 

solve the sequence alignment problem. The sequence 

alignment methods are either global or local. Global 

alignment conducts an end to end alignment between the 

query sequence and the subject sequence and is used to 

compare homologous genes, while local alignment aligns a 

substring (or the whole string) of the query sequence to a 

substring (or the whole string) of the subject sequence and is 

used to discover homologous portions in non-homologous 

genes. 

 Needleman-Wunsch algorithm [2] is the most famous 

example of global alignment. This algorithm is based on 

dynamic programming, it gives accurate results, however it is 

time consuming. Smith-Waterman algorithm [3] is another 

dynamic programming algorithm which is very similar to 

Needleman-Wunsch algorithm, however, it is used for local 

alignment. Other examples of local alignment algorithms are 

FASTA [4] and BLAST [5] which are heuristic-based 

pairwise local aligner. Heuristic methods are much faster than 

dynamic programming methods, however they are less 

sensitive. 

In this paper we present a pairwise aligner algorithm that 

aims at obtaining as accurate results as Needleman-Wunsch 

and Smith-Waterman algorithms and is as fast as FASTA and 

BLAST. Unlike Needleman-Wunsch algorithm which is 

sequential in nature, we present an algorithm that can be 

implemented using grid computing and hence it overcomes 

the time consumption problem of dynamic programming 

methods. 

In section 2, we briefly describe the Needleman-Wunsch 

algorithm. In section 3, we introduce the concept of grid 

computing. In section 4, we present the proposed grid 

computing-based sequence alignment algorithm. In section 5, 

we discuss the results of applying our approach and present a 

comparative study between this approach and the traditional 

Needleman-Wunsch algorithm. Finally in section 6, we 

conclude this work.  

2 Global alignment using Needleman-

Wunsch algorithm 

 Needleman-Wunsch algorithm (also called optimal 

matching algorithm) is a dynamic programming algorithm 

that is used to align globally two Protein sequences. Let 

     be a sequence of residues (symbols) with length   and 

     be a sequence of residues with length  , then the 

algorithm constructs a two dimensional matrix   of 

dimension            . We denote the entry of row   

and column   as    , where     is calculated according to 

the scoring matrix [6-10] and the gap penalty scheme. Here,   

denotes the scoring matrix,        denotes the similarity score 

between the residue of index   in      and the residue of 

index   in     , and   denotes the gap penalty. The elements 

    are calculated as follows 

                  (1) 

                  (2) 

       {

                  

         

         

  (3) 



To calculate the elements     where           
 , the elements            ,        ,         (source 

elements) must exist and hence the algorithm is executed 

sequentially. After the calculation of all elements    , the 

algorithm starts from the bottom right element       and 

traces back the elements     which leaded to this score. Let 

        be the residue of index   in      and         
be the residue of index   in     . If the source element 

equals to             the residue         is aligned to 

       , if the source element equals to         the residue 

        is aligned with gap, if the source element equals to 

        the residue         is aligned with gap. Fig. 1 

shows the pseudo code of Needleman-Wunsch algorithm, the 

inputs of this algorithm are      and     , and the outputs 

are the aligned sequences        and       . 

Needleman-Wunsch algorithm 

Input: SEQ1, SEQ2 

for i=0 to length(SEQ1) 

      ← d*i 

for j=0 to length(SEQ2) 

      ← d*j 

for i=1 to length(SEQ1) 

  for j=1 to length(SEQ2) 

  { 

    Match ←             +        
    Delete ←         + d 

    Insert ←         + d 

        ← max(Match, Insert, Delete) 

  } 

A_SEQ1 ← "" 

A_SEQ2 ← "" 

i ← length(SEQ1) 

j ← length(SEQ2) 

while (i > 0 or j > 0) 

{ 

If(i>0 and j>0 and                  
      )   
  { 

    A_SEQ1 ← SEQ1(i) + A_SEQ1 

    A_SEQ2 ← SEQ2(j) + A_SEQ2 

    i ← i - 1 

    j ← j - 1 

  } 

  elseif(i>0 and    ==       +d) 

  { 

    A_SEQ1 ← SEQ1(i) + A_SEQ1 

    A_SEQ2 ← "-" + A_SEQ2 

    i ← i - 1 

  } 

  else (j>0 and    ==         ) 
  { 

    A_SEQ1 ← "-" + A_SEQ1 

    A_SEQ2 ← SEQ2(j) + A_SEQ2 

    j ← j - 1 

  } 

} 

Output: A_SEQ1, A_SEQ2 

Figure 1: Needleman-Wunsch algorithm. 

 

3 Grid computing 

 Grid computing is software and hardware structure that 

provides high computing capabilities by sharing distributed 

resources like computers, storage space, and software 

applications [11]. The resources of grid computing structure 

must be scheduled [12]. The scheduling process has three 

stages: resources discovery, resource selection, and job 

submission [13]. 

Scheduling is either static or dynamic. In the static mode, the 

information of all resources and the tasks of the application 

are available when the application is scheduled [14, 15]. 

Unlike static mode, the dynamic scheduler allocates tasks to 

resources while the application executes. This case is useful 

when the number of iterations in a loop cannot be determined 

and jobs arrive in real time [16-20]. 

The overhead cost is the time required to schedule tasks and 

communicate the results of finished distributed tasks. The 

overhead cost should be minimized so that it does not negate 

the benefits of using grid computing [21]. 

In section 5 we show the results of applying grid computing 

to the concurrent tasks of our proposed approach.  

4 Proposed approach 

 This approach aligns the two sequences     , and 

    . It assumes that length of      is greater than or equal 

length of     . The algorithm searches for the maximum 

length consecutive match in      and     . Here, the 

consecutive match is defined as the consecutive sequence of 

residues in      and      such that the cumulative score 

increases as long as one residue of the first consecutive 

sequence is compared with its corresponding residue of the 

second consecutive sequence. After finding the maximum 

length consecutive match,      and      are split into three 

sub-sequences each, the left side of consecutive match 

(             ), the maximum consecutive match 

(             ), and the right side of consecutive match 

(             ). Again, search for the maximum 

consecutive match is applied recursively for the 

(             ) and (             ). For each 

recursive iteration, we add the gaps required to keep the 

maximum consecutive match in each part aligned, then we 

concatenate these three parts. 

4.1 Proposed Approach Sub-modules 

 The proposed approach can be divided into three main 

sub-modules: Consecutive match sub-module (CM), split 

sequence sub-module (SS), and combine sub-sequences sub-

module (CS). 

The CM algorithm obtains all possible consecutive matches 

(we denote the consecutive matched residues of      as 

      and the consecutive matched residues of      as 



     ) and saves the parameters of each match in a 

parameters table (P_TABLE). These parameters include 

      start index,       start index, the consecutive 

match length (        ), and the consecutive match score 

(     ). CM algorithm starts with finding     such that the 

similarity score between         and         is positive. 

Therefore       is initialized to         with start index 

 , and       is initialized to         with start index  . 
After that, the next residues of index       and       are 

checked, they are added to       and       respectively 

if the similarity score between them are positive. The last step 

is repeated as long as the last residues similarity check is 

positive. The parameters table (P_TABLE) is initially empty 

and constructed only in the first run of CM algorithm, and 

hence            parameter is initialized to TRUE. 

Eventually, P_TABLE is searched to obtain the maximum 

consecutive match (             ) as well as other 

maximum consecutive match parameters (       start 

index,        start index,         ). Figure 2 shows 

the pseudo code of CM algorithm. 

CM algorithm 

Input: SEQ1, SEQ2, P_TABLE, 

FIRST_TIME 

If FIRST_TIME 

{ 

 FIRST_TIME ← FALSE 

 For k=0 to length(SEQ1) 

 { 

   SCORE ← 0 

   For j=0 to length(SEQ2) 

   { 

      

                                        
    If S(SEQ1_INDEX,j) > 0 

    { 

       If W_LENGTH=0 

Get WORD1_START_INDEX, 

WORD2_START_INDEX 

        SCORE ← SCORE+ 

S(SEQ1_INDEX,j)  

        Add SEQ1(SEQ1_INDEX) to 

WORD1  

        Add SEQ2(j) to WORD2 

        WLENGTH ← WLENGTH+1 

Add the match parameters to 

P_TABLE 

     } 

    Else 

    { 

        SCORE ← 0 

        WORD1 ← "" 

        WORD2 ← ""  

        W_LENGTH ← 0 

     } 

   } 

 } 

} 

Get the maximum consecutive match 

parameters from match parameters table 

Output: P_TABLE , Maximum 

consecutive match parameters 

Figure 2: The pseudo code of CM algorithm. 

The SS algorithm obtains (             ) and 

(             ) and hence it exploits the match 

parameters table (P_TABLE) to generate match parameter 

tables (LP_TABLE, RP_TABLE) for (L_SEQ1, L_SEQ2) 

and (RSEQ1, RSEQ2), respectively. LP_TABLE and 

RP_TABLE are generated such that LP_TABLE only 

considers the consecutive matches in        and       , 

and RP_TABLE only considers the consecutive matches in 

       and       . We note that, the start index and word 

length parameters of any consecutive match may be modified 

if it overlaps with the maximum consecutive match. Figure 3 

shows the pseudo code of SS algorithm. 

SS algorithm 

Input: Maximum consecutive match 

parameters, P_TABLE 

Get L_SEQ1,L_SEQ2 

Get R_SEQ1, R_SEQ2 

For each record in P_TABLE 

If match parameters belong to 

L_SEQ1,   L_SEQ2 

 { 

If (L_SEQ1 overlaps M_SEQ1) or 

(L_SEQ2 overlaps M_SEQ2) 

       Modify parameters 

Add these parameters to 

LP_TABLE 

} 

else if  match parameters belong 

to LSEQ1, LSEQ2 

{    

If (RSEQ1 overlaps MSEQ1) or 

(RSEQ2 overlaps MSEQ2) 

       Modify parameters 

Add these parameters to 

RP_TABLE 

} 

Output: L_SEQ1, L_SEQ2, R_SEQ1, 

R_SEQ2,LP_TABLE, RP_TABLE 

Figure 3: The pseudo code of SS algorithm. 

CS algorithm simply concatenates (              
      ) and concatenates (                    ). 

For each iteration, gaps might be added to either        or 

       to make their length equal and keep maximum length 

consecutive match aligned. Similarly, gaps might be added to 

either        or        for the same reason. 

4.2 Example 

 As an example, we use Blosum50 scoring matrix [22] 

and consider the two sequences, 

    : BHYYXALKRHHQWWHHQWW 



    : HYYQCBBALKRHHQXHQWY 

In the first iteration, the algorithm fetches the maximum 

length consecutive match and obtains the following results, 

      : ALKRHHQ,       : BHYYX,       : 

WWHHQWW 

      : ALKRHHQ,       : HYYQCBB,       : 

XHQWY 

In the second iteration, the algorithm fetches the maximum 

consecutive match in both left side and right side sub-

sequences. For the left side sub-sequence, we obtain the 

results, 

      : HYY,       : B,       : X 

      : HYY,       : ,       : QCBB 

At this stage, the algorithm combines these results and adds 

the necessary gaps. Therefore, the aligned sub-sequences are 

BHYY - - - X 

- HYYQCBB 

For the right side sub-sequences in the second iteration and 

taking into account that the similarity between the two 

residues („W‟,‟Y‟) is positive, we obtain the results 

      : HQWW,       : WWH,       :  

      : HQWY,       : X,       :   

Again, at this stage the results are combined and the aligned 

sub-sequences are 

WWHHQWW 

X -  - HQWY 

Back to the first iteration, the two aligned sub-sequences are 

concatenated so we obtain the following results 

BHYY - - - XALKRHHQWWHHQWW 

- HYYQCBBALKRHHQX - - -HQWY. 

5 Results 

 In this section we apply the grid computing trend to the 

proposed approach presented in section 4. We use a network 

of three personal computers (with dual core 2.66 GHz 

processor, and 3 Gigabyte RAM each), one coordinator and 

two agents. The network topology is star where the 

coordinator controls the two agents. We use User Datagram 

Protocol as the data communication protocol (UDP). The 

tasks that can be executed concurrently are processed in 

parallel by the two agents. The first parallel task that is 

dispatched by coordinator is creating the lookup table of 

consecutive matches. The coordinator aggregates the results 

obtained by the two agents to find the maximum length 

consecutive match. The second parallel task is done after 

splitting the two sequences where searching for the maximum 

length consecutive match in left side sub-sequences is done in 

parallel (by the two agents) with searching for the maximum 

length consecutive match in right side sub-sequences.  

On one hand, we use the environment described above to 

align many pairs of Protein sequences of different lengths. On 

the other hand, we align the same pairs of sequences using the 

typical Needleman-Wunsch algorithm which is sequential in 

nature using one personal computer (with dual core 2.66 GHz 

processor, and 3 Gigabyte RAM each). 

To present a comparative study between our Grid Computing-

based approach and Needleman-Wunsch approach, we 

analyze the time and space complexity of their main modules 

(which are constructing the lookup table in the proposed 

approach and filling the two dimensional matrix   in 

Needleman-Wunsch approach). Let   be the length of the 

first sequence and   be the length of the second sequence, 

then the time complexity of the construction of the lookup 

table in the proposed approach is       and so does the 

time complexity of filling the matrix   in Needleman-

Wunsch approach. Each record of the lookup table in the 

proposed approach occupy 16 bytes of memory so the space 

complexity of constructing the lookup table is        
    , where L is the number of records in the lookup table. 

The space complexity of the matrix   in Needleman-Wunsch 

approach is      . 

Figure 4 shows the execution time of the two approaches for 

different values of   . The difference between the execution 

time of the two approaches increases dramatically as    

increases.  

Empirical results show that the proposed grid computing 

environment is not efficient for small sequence lengths 

(where         ) because the non-distributed devices 

outperform the distributed devices as a result of the overhead 

cost.  

6 Conclusions 

 We presented a grid computing-based sequence 

alignment algorithm that can be used for the global alignment 

of a pair of Protein sequences. The proposed algorithm differs 

from the traditional Needleman-Wunsch algorithm in that 

some modules can be executed concurrently, and hence it is 

convenient to implement such algorithm using grid 

computing. The proposed approach has been implemented 

using a star network of three computers (one coordinator that 

controls two agents) and UDP data communication protocol. 



Unlike the time complexity which is equal in the two 

approaches, the space complexity of the proposed approach is 

less than its counterpart for Needleman-Wunsch algorithm.  

 

Figure 4: The execution time of the proposed approach and 

Needleman-Wunsch approach, where    is the product of the 

length of the first sequence and the length of the second sequence.  

Empirical results show that the proposed approach is 

exponentially faster than Needleman-Wunsch algorithm. 

They also show that applying the proposed approach on short-

length sequences using one computer is more convenient than 

using a grid of computers because the overhead cost negates 

the benefits of using grid computing in short-length sequence 

alignment. 
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