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Energy Saving Coverage Optimization Algorithm for Directional Sensor Networks

XIA Lingnan' , LIN Zhenhua' , WANG Yingguan' , XU Zhengyi! , ZHANG Hongguang? , WEI Jianming?

(1. Shanghai Institute of Microsystem and Information Technology, Chinese Academy of Sciences, Shanghai 200050, China;
2. Shanghai Advanced Research Institute, Chinese Academy of Sciences, Shanghai 201203, China)

Abstract: An energy saving particle swarm optimization (ESPSO) algorithm is proposed to improve the coverage of
directional sensor networks with mobile nodes. Since the existing algorithms consider the maximum movement distance of
each node as a constant constraint and only treat the position and sensing angle of each node as adjustable parameters which
may result in redundant movement of the nodes, the movement distance of each node is added as a tuple in the particles
of particle swarm optimization (PSO) algorithm to adaptively adjust the movement distance and introduce mutation in the
particles. Experimental results show that the proposed algorithm can significantly reduce the energy cost compared with
absorbing PSO algorithm under the same node movement constraint while achieving the same coverage optimization.
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Fig.1 Sensing models of omni-directional sensor and
directional sensor

100

100

Bl 2 BRI BEHAT 17 A A

Fig.2 Randomly deployed directional sensor network
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ment and result analysis)
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Tab.1 Pseudocode of ESPSO algorithm

initializing PSO parameters W, Cy, C,, D, N,
initializing Ar; = rpx X ¥, i=1,2--- )N
for j=1,2,3--- N,
initializing x; according to Eq.(5) and Eq.(6)
end
t=0
while(r <max_iter)
updating x;, j=1,2,3,--- N,
according to Eq.(2) and Eq.(3)
if(t <max_iter X mie )
mutating x;, j=1,2,3,--- N,
according to Eq.(7) and Eq.(8)
end
adjusting Ar;, (x;,y;) according to (6)

end
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Tab.2 Initial coverage of 10 randomly deployed scenes

s | G | BERES | G
1 0.3716 6 0.4128
2 0.3820 7 0.4012
3 0.4076 8 0.4228
4 0.4164 9 0.3056
5 0.4508 10 0.3888
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Fig.3 Convergence curves and the total movement energy of all nodes using absorbing PSO, ESPSO-B and ESPSO-M when r,,x =10
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Tab.3 Comparison among absorbing PSO and ESPSO algorithms for 10 randomly-deployed scenes when rp,x =10

5t W fft = PSO ESPSO-B ESPSO-M T NESPsoM

R Copt/Arsum Copt/Arsum Copt/Arsum
1 60.78%/139.18 59.27%/79.39 60.67%/86.94 42.96% 37.53%
2 61.48%/121.49 60.34%/68.05 61.80%/77.96 43.99% 35.83%
3 59.25%/122.01 57.87%/71.61 59.46%/81.86 41.31% 32.91%
4 60.22%/127.90 58.88%/75.85 60.22%/85.97 40.70% 32.79%
5 61.62%/112.73 60.69%/64.12 61.98%/71.55 43.13% 36.53%
6 61.47%/131.14 60.41%/75.16 61.86%/81.69 42.69% 37.70%
7 62.41%/116.57 61.42%/67.36 62.65%/74.99 42.21% 35.66%
8 61.38%/129.24 60.24%/72.68 61.68%/80.46 43.77% 37.74%
9 60.82%/137.70 59.90%/75.63 61.51%/82.20 45.08% 40.30%
10 59.81%/133.99 58.27%/78.21 60.13%/87.19 41.63% 34.93%
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Tab.4 Comparison among absorbing PSO and ESPSO algorithms for 10 randomly-deployed scenes when rp,,x =20

7R W ft =X PSO ESPSO-B ESPSO-M Tlespson Hespson

%' Copt/Argum Copt/Arum Copt/ Argum
1 61.71%/237.83  60.95%/139.64  62.22%/155.07 41.29% 34.80%
2 62.04%/204.84  61.44%/130.50  62.80%/138.26 36.29% 32.51%
3 60.62%/21429  59.66%/134.59  60.94%/144.06 37.19% 32.77%
4 61.25%/21543  60.10%/138.25  61.50%/148.80 35.83% 30.93%
5 61.90%/193.98  61.51%/117.30  62.73%/126.70 39.53% 34.68%
6 62.83%/215.60  61.28%/133.80  62.84%/137.29 37.94% 36.32%
7 63.20%/198.17  62.31%/123.40  63.49%/132.16 37.73% 33.31%
8 62.42%/207.05  61.19%/122.75  62.33%/134.10 40.71% 35.23%
9 61.90%/232.82  60.84%/135.58  62.47%/140.66 41.77% 39.58%
10 61.38%/231.47  60.21%/147.32  61.93%/153.95 36.35% 33.49%
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Tab.5 Comparison among absorbing PSO and ESPSO algorithms for 10 randomly-deployed scenes when r,,,x =40
7R b PSO ESPSO-B ESPSO-M fessos  Tespson
By Copt/Arsum Copt/Arsum Copt/Alsum
1 62.43%/361.42 61.54%/234.01 63.05%/250.44 35.25% 30.71%
2 62.73%/340.73 62.05%/221.05 63.21%/237.39 35.12% 30.33%
3 62.24%/389.30 60.59%/245.24 62.32%/251.87 37.01% 35.30%
4 62.18%/343.86 61.12%/239.39 62.57%/252.92 30.38% 26.45%
5 62.47%/321.94 61.86%/212.31 63.33%/221.63 34.05% 31.16%
6 62.62%/350.07 62.44%/218.52 63.45%/232.88 37.58% 33.48%
7 63.14%/312.53 62.64%/206.96 63.75%/215.10 33.78% 31.18%
8 62.46%/332.88 62.02%/214.58 62.91%/217.93 35.54% 34.53%
9 62.52%/361.97 61.25%/214.70 63.23%/224.93 40.68% 37.86%
10 62.03%/376.58 60.90%/240.46 63.08%/268.77 36.15% 28.63%
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