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Multidimensional scaling localization algorithm based on matrix
correction and chaotic particle swarm optimization
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Abstract: Against the problem of a great distance between estimated distance and actual Euclidean dis-
tance caused by irregular network and network hole that eventually results in insufficient localization ac-
curacy, an improved multidimensional scaling localization algorithm based on matrix correction and cha-
otic particle swarm optimization(CMDS-CPSO) is proposed. Distance among each pair of nodes is calcu-
lated by recursive strategy and further weighted by the received signal strength, so as to reduce the dis-
tance error between estimated distance and actual Euclidean distance as well as avoid the problem of net-
work hole. Then chaotic particle swarm optimization is adopted to solve the parameter problem during
the coordinate conversion process, which could loosen the influence of parameters to a high degree.
Compared with the SPSO-MDS algorithm and MDS-DMC algorithm, the simulations reveal that the pro-
posed algorithm of CMDS-CPSO could not only significantly improve the localization accuracy of nodes
but has better robustness and adaptability to irregular networks.
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Algorithm 1 Reviewing dissimilarity distance ma-
trix

Input: all nodes Node;z €{1,2,,n}

Output: dissimilarity distance matrix P

1) for each node Node;(i =1,2,:-,n) do

2) measure distance between itself and oth-
er nodes and obtain RSSI;

3) calculate weight W,

4) revise the distance through the equation (8).

5) end for

6) for each node Node; (i=1,2,++,n) do

7) for j ( j=1,2,++) hop non-neighbor
node do

8)  calculate distance between node i and
node j through the node that is closest to node j;

9) end for

10)  end for

11) output dissimilarity distance matrix P
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Algorithm 2 Parameter optimization

Input: all nodes Node, i € {1, 2, -
Threshold, literation

37’1}9

Output ; parameters A2y » ALy S B

1> for each node Node; (i =1,2,+++,n) do

2) randomly initialize a m dimension vector
2z = (21,2, »2y,,) and generate chaos queues z; »
254", 2, through the: equation (11);

3)  calculate fitness values of chaos particle
through the equation (10) and obtain global best gbest;

4) if fitness values<<Threshold or k = Irer-
ation then

5) go to step 12);

6) else

7) update velocity and position of each par-
ticle according to the equation (12) and (13) and
optimize gbest to obtain pbest;

8) replace randomly selected particle with pbest;

9) return to step 3);

10)  end if
11) output parameters Ady , Ade »SHp
12) end for
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Tab. 1 Configuration parameter table of simulation
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Fig. 3 The influence of the network connectivity
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