
GSASRA: A Globally Self-Adaptive and Scalable Routing Algorithm for 
Network-on-Chips Architecture using Particle Swarm Optimization  

 
Sani Abba and Jeong-A Lee 

Computer Systems Laboratory, Department of Computer Engineering 
Chosun University, Dongku SeoSuk 375, Gwangju City, S. Korea. 

Email: saniabba@acm.org, jalee@chosun.ac.kr 

 
Abstract—Adaptive algorithms are able to intelligently adjust 
their behavior in light of the changing situation to achieve the 
best promising results. The adaptive routing algorithms have 
been employed in multi-chip interconnection networks in order 
to get better network performance. In this paper we propose a 
new Globally Self-adaptive and Scalable Routing Algorithm 
for Network-on-Chip (NoC) architectures namely (GSASRA). 
Our algorithm makes global routing decisions using particle 
swarm optimization technique to find global congestion 
information and to efficiently and intelligently decide the path 
to route the packet in each direction from source to the 
destination nodes. We implemented our proposed approach 
using SystemC and compared our approach with the SystemC 
based Fully-Adaptive and XY routing algorithms under 
matrix-transpose traffic pattern. Results from our experiment 
and simulations show that, our approach proves to be efficient 
in terms of throughput, latency and energy consumption for 
self-adaptive and scalable network-on-chip architectures.  

Keywords-Global Self-Adaptive and Scalable Routing 
Algorithm (GSASRA); Self-Adaptability; Network-on-Chip 
(NoC); Routing Algorithm; Particle Swarm Optimization (PSO); 
SystemC.  

I. INTRODUCTION 
 

The self-adaptive routing poses challenging research 
questions regarding the design of the routing protocols and 
how to obtain the global network state information and the 
performance impacts of large scale NoCs on various traffic 
patterns with regards to throughput, latency and energy 
conservation. To look at these questions critically we first 
look at the design of the self-adaptive routing. It is clear that 
the major motivational question is how to design an adaptive 
routing scheme that ensures convergence of global 
information to intelligently decide the best routing path from 
source to destinations in the network. Many approaches have 
been proposed [1] - [9] but there are some key design issues 
that need to be considered. For example, it is not clear how 
the adaptive routing scheme should obtain the global 
network state information and intelligently decides and 
discover the efficient routes from the sources to the 
destinations without causing too much delay and higher 
energy consumption. Similarly, it is unclear how the routing 
should be adjusted in a distributed way and still converge to 
the optimal path without causing oscillations [1] - [5]. 
Secondly, the performance impacts of  the routing protocol 
on scalable NoC under different traffic patterns. The 

Previous proposed approaches used small scaled NoCs to 
evaluate the performance under different traffic scenarios [1] 
- [4], an essential yet challenging question is how to evaluate 
the performance of self-adaptive routing in large scaled 
network-on-chip architectures. Many questions need to be 
addressed for example, how to obtain the global optimum 
(global network state information) on large scale network-
on-chip without compromise to throughput, latency and 
associated energy overheads. Furthermore, a high freedom of 
choosing a path for a packet may cause high delays for the 
packets, since it may take a while until the algorithm 
converges towards good paths. Finally, self-adaptive routing 
may create additional communication overheads because 
many of them need control packets and may have much 
higher demands on the hardware resources [2], [4].   

In this paper, we propose a new routing scheme to 
address the shortcomings of the previous proposed 
approaches. Our approach uses the particle swarm 
optimization and SystemC based technique to find the global 
network state information for congestion avoidance and 
intelligently and efficiently decides the direction to route 
packets and adaptively route the packets to the desired 
destinations in the network-on-chip architectures.  

A. Contributions 
Our contributions in this paper are as follows: 
 

� We propose a new novel globally self-adaptive and 
scalable routing algorithm for network-on-chip 
architectures  (GSASRA).  

� We propose a globally self-adaptive routing scheme for 
runtime adaptability of network-on-chip (NoC) 
architectures this scheme is able to find the global 
network state information through the use of  particle 
swarm optimization techniques. 

� We developed and implemented our algorithm using 
SystemC programming language and integrate it with the 
Noxim simulator [19]. 

� We evaluated the performance of our algorithm on a 
large scale NoC under matrix-transpose traffic pattern 
and compared the results with two existing routing 
algorithms. 

To validate our contributions in this paper, firstly, we 
propose a self-adaptive routing scheme using the particle 
swarm optimization technique to intelligently and efficiently 
find the global optimum (global network state information) 
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and adaptively decide the best routing paths. Secondly, we 
integrate our new routing algorithm with a SystemC based 
simulator, the Noxim simulator [19].  

B. Paper structure 
The rest of the paper is organized as follows: Section II 

will give a brief overview of the related previous works. 
Section III introduces our proposed routing algorithm and 
routing  scheme. Section IV present experimental results and 
section V concludes this paper. 

II. RELATED WORKS 
 

Research in adaptive routing focuses more on the 
selection of local congestion information which tends to 
violate the global load balancing and quality of service. 
Several approaches have been proposed to solve these 
problems for example, Globally Adaptive Load-Balance 
(GAL) [4] makes global routing decisions using global 
information. GAL senses global congestions using 
segmented injection queues to decide the directions to route 
in each dimension of Tori network. It further load balances 
the network by routing in the selected directions adaptively. 
However, the GAL performance on large scale NoCs in 
terms of  throughput, latency, and energy consumption 
remains a challenge. Other approaches to global routing 
algorithms introduced a congestion propagation network to 
obtain global network status information, for example, 
Regional Congestion Awareness (RCA) [1] and Destination 
Based Adaptive Routing (DBAR) [2]. These approaches 
resulted in too much energy consumption and associated area 
overheads when scaled to large and complex networks-on-
chip. 

Hu and Marculescu [5] propose a routing scheme called 
DyAD, which combines the advantages of both deterministic 
and adaptive routing schemes. The router works in 
deterministic mode when the network is not congested and 
switches to adaptive mode when the network becomes 
congested. Ye et al. [7] present a contention look ahead on-
chip routing scheme. It is non-minimal routing in the sense 
that based on the value of two delay penalty indices, the 
router chooses whether to send the packet toward a minimal 
route or a mis-route.  Ascia et al. [8] present a new selection 
strategy named Neighbors-on-Path (NoP), developed with 
the aim to choose the channel that will allow the packet to be 
routed to its destination along a path that is as free as 
possible of congested nodes. Many routing algorithms for 
wormhole-switched networks have been proposed in the 
literature [9] - [18]. Glass and Ni [9] propose a turn model 
for designing wormhole routing algorithms for mesh and 
hypercube topology networks that are deadlock and livelock 
free. Prohibiting just enough turns to avoid the formation of 
any cycle produces routing algorithms that are deadlock free, 
livelock free, and highly adaptive. This model has been later 
utilized by Chiu [15] to develop the Odd-Even adaptive 
routing algorithm for meshes without virtual channels. In this 
paper we contend all the mentioned proposed approaches 
due to their limitations and we proposed a better routing 

algorithm that intelligently and efficiently determined the 
global network congestions information through the use of a 
particle swarm optimization [20] - [24] and SystemC based 
programming techniques namely GSASRA.  
 

III. PROPOSED METHODOLOGY 
 

In this section we give the detail of our proposed routing 
methodology. We introduce the global adaptive routing and 
how it finds the global congestion information (global 
network state information) using the particle swarm 
optimization technique. 

A. Particle Swarm Optimization in GSASRA 
The Particle Swarm Optimization was motivated by the 

ability of a flock of birds to exploit on their shared 
knowledge in finding food or avoiding danger from 
predators. Each swarm member or particle has a small 
memory that enables it to remember the best position it 
found so far. The Particles (swarms) are affected by their 
own experience (best found position) and their neighbors’ 
experiences (best found position by the neighbors). [20]-[24]. 

Here we present our approach to routing using the 
particle swarm optimization technique. We consider two 
swarms (birds) flying in the sky, trying to reach the specified 
destination  the position vector representation of our 
scheme is illustrated in figure 1. According to the scheme 
each Swarm based on its own individual experience chooses 
the proper path to reach the specified destination . Despite 
their individual decisions about the optimal path, decisions 
are taken based on their neighbor’s decision and hence they 
are able to reach the specified destination ( ) within shortest 
time. From figure 1 we assume two variables X and Y as the 
two swarms (birds) flying in the sky to reach the specified 
destination . We also assume the position of the two 
swarms to be in a position  and  respectively as shown in 
figure 1. The two swarms both are trying to reach the 
destination  .Therefore, let the swarm X at position  
decides to move towards a position  and swarm Y at 
position   decides to move towards the position . It can be 
observed that, the distance between the position  and  is 
greater than the distance between the position  and  
respectively. Consequently, based on the neighbor’s 
information and decision position  is treated as the mutual 
position decided by both swarm X at position  and swarm 
Y at the position  respectively. The position   is the 
distinct decision taken by swarm X at position , the 
position  is the distinct decision taken by swarm Y at a 
position  and the position Y is the mutual position decided 
by both swarm X and Y respectively. The Swarm X at 
Position  based on this information, lastly decides to move 
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towards the position  as the linear combination of the 
vectors ,  and   respectively. The position  is the 
mutual position decided by both swarm X and Y 
respectively.  is the vector   which is formed as the 
linear combination of vector  and scaled vector  . The 
vector  is formed by combining the two vectors   and 

 . Finally, the ending position decided by swarm X is  .  
Swarm Y at position  decides the position  as the 

ending position. This position is the linear combination of  
 and   . Therefore, as position  is the mutual position 

decided by swarm X and swarm Y, the ending position is 
decided by linear combinations of the two vectors only. 
Hence, the two swarms X and Y move towards the position 

 and  respectively for reaching the final destination 
position . The two swarms X and Y randomly select 
scaling value for linear combination. The two vectors   
and  actual values are used without scaling. 
Consequently, the decision of the swarm X to reach  is 
decided by its own awareness along with its neighbor’s 
information. This scheme can be extended to a large flock of 
birds flying in the sky to reach a specified destination ( ) 
earlier. The approach can also be implemented in a network-
on-chip architectures where the routers in the on-chip 
network act as the swarm and using global neighbor’s 
information (neighboring routers) route the packets to the 
desired destinations in the network. 

 

 
 
Figure 1. Proposed routing scheme using particle swarm optimization (PSO) 
technique. 
 

B. Routing path optimization in GSASRA 
In this section we introduce our routing optimization 

technique using the particle swarm optimization [20] – [24] 
to sense global congestion and intelligently and efficiently 
decide the routing path. Let β be a given objective function 
over a G–dimensional network space. The location (position 
vector) of the router i ϵ {1, 2, 3,…, n} in the network is 
given by equation 1 as: 

 
           = (ti1, ti2, …, tiG)                                    (1) 
 
And the velocity of the router is given by equation 2 as: 
 
             = (ri1, ri2, …, riG)                      (2) 
 

Additionally, we let xg and yg be lower and upper bound 
for the router’s coordinates in the Gth dimension network 
space, g ϵ [ 1: G ]. The best previous position of a router is 
recorded and given by equation 3 as: 

 
 = (mi1, mi2,… miG)                              (3) 

 
Equation (3) is called mBestPosition. The index of the 
router in the network’s found position is denoted by k and 
position vector  is called kBestPosition. During the 
execution of the GSASRA routing algorithm at each 
iteration of a GSASRA after the evaluation of function β the 
distinct best position of each router i is updated, meaning 
that,    
       If     β( ) < β( )  then we set  = .            (4) 
 
       If     β( ) <  )  then we set  k = i                (5) 
 
Then i become the new global best solution, that is we set k 
= i. consequently, the new velocity of each router i is 
determined during the update of the velocity in every 
dimension g ϵ [1:G] given by the equation 6 as follows: 

 
 rig = s.rig + μ1.r1. (mig - tig) + μ2.r2. (mkg - 

tig)                                           (6) 
 

Here the parameter s is called the inertia weight, the 
function is to control the effect of the old velocity, and the 
greater the value of s the more the router tends to search in 
new directions [21], [24]. The parameters μ1 and μ2 are the 
acceleration coefficients they are used to determine the 
effect of the local best position and the global best position 
respectively. Furthermore, r1 and r2 are random values 
uniformly drawn from the interval [0, 1]. Lastly, the new 
position of the router i is determined by the velocity update 
given by equation 7 as: 
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tid = tid + rid                  (7)  
 

With this scheme, the routers in the on-chip network can 
quickly determine the best global position to avoid 
congestion and efficiently and adaptively route the packets 
to the desired destinations. Figure 2 shows the Pseudocode 
of GSASRA’s routing path optimization.  
 

 
Figure 2. Pseudocode for routing path optimization in GSASRA. 
 

IV. EXPERIMENTAL RESULTS 
 

In this section we describe the experimental procedure 
we carried out in order to validate our proposed routing 
algorithm. In order to evaluate the performance of our 
algorithm we used the SystemC based simulator Noxim [19]. 
Noxim is an open source cycle accurate simulator from 
university of Catania (Italy) by the team of Computer 
Architecture under the GPL license terms. Noxim has a 
command line interface for defining several network-on-
chip parameters. The designer can customize the network 
size, buffer size, routing algorithm etc. The simulator allows 
NoC evaluation in terms of throughput, delay and power 
consumption. We modified the Noxim simulator to 
implement our routing algorithm and compare the 
performance with the two commonly used SystemC based 
routing algorithms namely, XY and Fully-adaptive routing 
all integrated into the Noxim simulator [19].   

   
  

 
TABLE 1 

ROUTING ALGORITHMS COMPARED IN THIS RESEARCH 
PAPER 

 
 

A. Experimental Procedure 
We modified the Noxim simulator [19] as earlier 

mentioned in order to integrate our routing mechanisms. We 
used matrix-transpose1 traffic pattern with the packet size of 
8 flits (min = 2, max = 8) and FIFO buffer size of 4. The 
simulation time is 10,000 cycles and a warm-up period of 
1,000 cycles; the period is enough to allow the simulator to 
become stable so that accurate measurements are carried out. 
We applied packet injection rate from 0.01 to 0.2 with a step 
value of 0.01 and set the mesh network size to 100 and 124 
nodes respectively. The performance was evaluated on the 
buffer level switching scheme. The performance evaluation 
and comparison were done with the following performance 
metrics: global average delay in (cycles), global average 
throughput in (flits/cycle/core) and total energy 
consumption in (joules). The network delay is the time in 
clock cycle that passes between the incidences of a header 
fit injected into the network at the source node and the 
incidences of a tail fit arrival at the destination node. 
Similarly, the total number of fits received at the destination 
node in a clock cycle describes the throughput. The rate at 
which packets are injected into the network is called Packet 
Injection Rate (PIR). In this research paper we varied the 
PIR from 0.01 to 0.2 in step of 0.01 in order to obtain the 
performance at different PIR. In order to explain the PIR 
clearly and for better understanding of the concept, a PIR of 
0.2 (packets/cycle/node) means that each node sends 0.2 
packets every clock cycle or simply each node sends a 
packet every 20 clock cycles. The simulation was run for 
10,000 cycles with a warm-up period of 1,000 cycles after 
which simulation results are collected. The warm-up period 
is enough to allow the simulator to stable. In order to 
guarantee the accuracy of the collected simulation results, 
the simulation at various PIR was repeated for ten times. 
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The analyses of the results are explained in sections B and C 
respectively.  

B. Analysis of  Throughput and Latency (delay) Results 
Figures 3 (a-b) show the results of variation of global 

delay across different traffic loads (packet injection rate) 
under matrix-transpose1 traffic pattern. It shows that the 
global average packet latency depends on Packet Injection 
Rate (PIR) meaning that, the latency increase with the 
increase in the PIR. From figure 3 (a) the XY routing 
algorithm performed very poor as compared to the two other 
routing algorithms under study that is FULLY-ADAPTIVE 
and GSASSRA. This is mainly attributed to the turn model 
of XY routing algorithm and too long time taken to 
converge to the minimal path.  As the packet injection rate 
increases, congestion in the network start increasing and 
hence the nonlinear increase in the delay is observed. 
However, the GSASRA routing algorithm outperforms both 
FULLY-ADAPTIVE and XY routing this is due to the fact 
that GSASRA senses global information and adaptively 
route the packets to the desired destinations. Furthermore, in 
GSASRA at each node it generates an output vector that 
identifies which output channel of the current node will 
move the packet closer to its destination. The global 
network state information is then used to select one of these 
channels for the next node. These features of GSASRA 
made it good for global congestion avoidance. Lastly, 
GSASRA tries to minimize mis-routing this helps to avoid 
congested areas and improve global load balance. 

In figure 3 (b) we increased (scaled) the size of the 
mesh network to 124 nodes and observed the delay across 
different traffic loads. As observed, our routing algorithm is 
competing with the FULLY-ADAPTIVE routing algorithm. 
However, the XY routing algorithm at all traffic loads 
performed very poorly as compared to the two competing 
algorithms.     

Figures 4 (a-b) show the global average throughput of 
the three routing algorithms under matrix-transpose1 traffic 
pattern. As observed in figure 4 (a) the GSASRA routing 
algorithm outperforms the XY and FULLY-ADAPTIVE 
routing at the lower and higher traffic rates due to the 
additional ports added to the routers and its efficient routing 
scheme to detect global congestion information quickly. 
However at higher traffic loads (0.1 to 0.2) the throughput 
became linear and stable. The XY routing performed very 
poor as compared to the two routing algorithms. 

 In figure 4 (b), we scaled the mesh network to mesh 
size of 124 nodes and observed the variation of the 
throughput across different traffic loads. As observed, the 
three routing algorithms suffered tremendously with a slight 
degradation in global throughput this is due to the fact that, 
the mesh network is scaled to 124 nodes. However, 
GSASRA and FULLY-ADAPTIVE routing performed very 
well which suggest that our approach can perform better 
with the scaled network-on-chip architectures. This also 

proved that our approach can be adapted to other network-
on-chip architectures (i.e. Torus, Hypercube, Fat-trees etc.). 

 

 
    (a) 

 
    (b) 
 
Figure 3. Global average delay comparison for: (a) XY, 
FULLYADAPTIVE and GSASRA routing algorithms with (100 nodes 
mesh size) (b) XY, FULLYADAPTIVE and GSASRA routing algorithms 
with (124 nodes mesh size). 
 

 
(a) 
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(b) 
 

Figure 4. Global Average Throughput comparison for: (a) XY, 
FULLYADAPTIVE and GSASRA routing algorithms with (100 nodes 
mesh size) (b) XY, FULLYADAPTIVE and GSASRA routing algorithms 
with (124 nodes mesh size). 
 

C. Total Energy Consumption 
In this section we present the results of comparison of 

energy consumption for the three algorithms under study. 
The total energy in (joules) is the sum of the energy 
dissipated when the packets are traversing the routers in the 
mesh network at a different packet injection rate (PIR). 
From figure 5 (a) we observed that, the XY routing 
algorithm is the most energy efficient as it’s consume less 
amount of energy at different traffic loads. This is due to the 
fact that the XY algorithm used local neighbor’s 
information to find the congestion state information in the 
network. However the GSASRA routing outperforms the 
FULLY-ADAPTIVE routing. This shows GSASRA’s 
efficiency in packets routing as knowledge of the global 
information help in avoiding congested regions in the 
network. 

In figure 5 (b) we increased the size of the mesh 
network to 124 nodes and observed the energy consumed by 
the three algorithms. As observed, the XY and GSASRA 
routing algorithms are competing with each other 
consuming less amount of energy as compared to the 
FULLY-ADAPTIVE routing. This shows that GSASRA’s 
ability to intelligently sense the global state information 
helps in reducing the delay and associated energy 
consumption by the injected packets moving from source to 
the destination in the network. These results show the 
efficiency and flexibility of GSASRA in handling the global 
congestion and minimizing the network packets energy 
consumption.  Hence this validates our approach.  

 

 
      

(a) 

 
 
(b) 
 

Figure 5. Total Energy Consumption for: (a) XY, FULLYADAPTIVE and 
GSASRA routing algorithms with (100 nodes mesh size) (b) XY, 
FULLYADAPTIVE and GSASRA routing algorithms with (124 nodes 
mesh size). 
 

V. CONCLUSIONS AND FUTURE DIRECTIONS 
 

In this paper we propose a new routing algorithm for 
network-on-chip architectures. The algorithm finds global 
congestion information and intelligently and efficiently 
decides the routing path using particle swarm optimization 
technique and adaptively routes the packets to the desired 
destinations. We demonstrated that our approach 
substantially improves the network performance with regards 
to throughput, low latency and efficient energy conservation 
on large and scalable network-on-chip architecture. To 
validate our approach we implemented and integrated our  
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algorithm with the SystemC based simulator Noxim [19] and 
compared the performance with the two commonly known 
routing algorithms namely XY and FULLY-ADAPTIVE 
routing through extensive experimentation and simulations. 
The results from our comparisons show that GSASRA 
routing proved to be efficient in terms of throughput, latency 
and energy conservation. These features of GSASRA made it 
suitable to be employed in a large and scalable network-on-
chip architectures.  

In the near future we are going to look at the Field 
Programmable Gate Array (FPGA) implementation of our 
scheme (GSASRA) and the associated FPGA silicon area 
consumption. We will also look at the GSASRA’s 
performance under diverse traffic patterns (both synthetic 
and application traffics) and compare the performance with 
different on-chip interconnection network topologies (i.e. 
Torus, Hypercube, Fat-trees etc.). 

  
          

REFERENCES 
 

[1] P. Gratz, B. Grot, and S. Keckler, “Regional Congestion Awareness 
for Load Balance in Networks-on-chip”, IEEE 14 International 
Symposium on High Performance Computer Architecture, 2011 

[2] S. Ma, N. Enright Jerger, and Z. Wang, “Dbar: An Efficient Routing 
Algorithm to Support Multiple Concurrent Applications in Networks-
on-Chip”, SIGARCH Computer Architecture News, vol. 39, no. 3, 
pp. 413 -424, 2011.  

[3] J. R. Venkateswara and P. R. Sudhakara, "Design and Implementation 
of Efficient On-Chip Crosstalk Avoidance CODECs using Fibonacci 
Numeral System" , IEEE Computer Society Fourth International 
Conference on Computational Intelligence, Modelling and 
Simulation, CIMSim 2012, pp, 352-356, 2012.  

[4] A. Singh, W. J. Dally, B. Towles, and A.  Gupta, “Globally Adaptive 
Load-Balanced Routing on Tori”, Computer Architecture Letters, Vol. 
3, issue 1, IEEE Computer Society, 2004.    

[5] J. Hu and R. Marculescu, “DyAD—Smart Routing for Networks-on-
Chip,” Proc. 41st Design Automation Conf. (DAC ’04), pp. 260-263, 
June 2004. 

[6] M. A. Al Faruque et al., “AdNoC: Runtime Adaptive Network-on-
Chip Architecture” IEEE Transactions on Very Large Scale 
Integration (VLSI) Systems, vol. 20, no. 2, pp. 257 – 269, 2012. 

[7] T.T. Ye, L. Benini, and G.D. Micheli, “Packetization and Routing 
Analysis of On-Chip Multiprocessor Networks,” J. System 
Architectures, vol. 50, no. 2-3, pp. 81-104, 2004. 

[8] G. Ascia, V. Catania, M. Palesi, and D. Patti, “Implementation and 
Analysis of a New Selection Strategy for Adaptive Routing in 
Networks-on-Chip,” IEEE Trans. Computers, vol. 57, no. 6, pp. 809-
820, June 2008. 

[9] C.J. Glass and L.M. Ni, “The Turn Model for Adaptive Routing,” J. 
Assoc. for Computing Machinery, vol. 41, no. 5, pp. 874-902, Sept. 
1994. 

[10] R. Marculescu et al., “Outstanding research problems in NoC design: 
System, Microarchitecture, and circuit perspectives,” IEEE Trans. 
Computer Aided Des. (CAD) Integr. Circuits Syst., Vol. 28, no. 1, pp. 
3–21, Jan. 2009. 

[11] L. P. Carloni et al., “Networks-on-chip in emerging Interconnect 
paradigms: Advantages and challenges,” in Proc. NOCS 2009, pp. 
93–102, 2009. 

[12] A.A. Chien and J.H. Kim, “Planar-Adaptive Routing: Low-Cost 
Adaptive Networks for Multiprocessors,” J. ACM, vol. 42, no. 1, pp. 
91-123, Jan. 1995. 

[13] K. Goossens et al., “The Aethereal network on chip after ten years: 
Goals, evolution, lessons, and future,” in Proc. DAC, pp. 306–311, 
2010. 

[14] J. Upadhyay, V. Varavithya, and P. Mohapatra, “A Traffic-Balanced 
Adaptive Wormhole Routing Scheme for Two-Dimensional Meshes,” 
IEEE Trans. Computers, vol. 46, no. 2, pp. 190-197, Feb. 1997. 

[15] G.-M. Chiu, “The Odd-Even Turn Model for Adaptive Routing,” 
IEEE Trans. Parallel and Distributed Systems, vol. 11, no. 7, pp. 729-
738, July 2000. 

[16] F. Angiolini et al., “Networks on chips: From research into products,” 
in Proc. DAC2010, pp. 300–305, 2010. 

[17] M. Dehyadgari, M. Nickray,  A. Afzali-Kusha and Z. Nivabi, 
“Evaluation of Psuedo-adaptive XY Routing using an Object Oriented 
Model for NoC”, The 17th International Conference on 
Microelectronics, 13-15 Dec 2005.  

[18] W. J. Dally, B. Towles, “Principles and Practices of Interconnection 
Networks” , Morgan Kaufmann, 2004.  

[19] M. Palesi, D. Patti, and F. Fazzino “Noxim the NoC Simulator” 
University of Catania, available at: http://www.noxim.org, 2013. 

[20] J. Kennedy, R. Eberhart, “Particle Swarm Optimization” , 
Proceedings of IEEE International Conference on Neural Networks, 
pp 1942-1948. 1995 

[21] J. Kennedy “The particle Swarm Social Adaptation of Knowledge”, 
Proceedings of IEEE International Conference on Evolutionary 
Computation. Pp 303-308, 1997.   

[22] E.S. Gopi “Algorithm Collections for Digital Signal Processing 
Applications using Matlab” , Springer publication 2007. 

[23] Z. H. Zhan, J. Zhang, Y. Li, and Y. H. Shi, “Orthogonal learning 
particle Swarm optimization. IEEE Transactions on Evolutionary 
Computation”, IEEE Computational Intelligence Society, Vol. 15 
issue 6, pp. 832-847, 2011. 

[24] J. Kennedy, R.C. Eberhart, “Swarm Intelligence”, Morgan Kaufmann 
Series in Evolutionary Computation , Electronic Data Systems Inc. 
USA. 2001. 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

352358358


