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Using the improved particle swar m optimization
to train the CNNE mode

YAN G Chunrling ,WAN GJiarrla ,ZHU Min
(School of Electrical Engineering and Automation, Harbin Institute of Technology , Harbin 150001, China)

Abstract :An artificial intelligence algorithmrparticle swarm optimization (PSO)-is proposed to train the
CNNE model. To overcome a limitation of standard particle swarm optimization, which can easily be re-
stricted at alocal optimum point , aparticle swarm optimization (PSO) algorithm with gradient acceleration
was created that adds gradient information to periodically force updating of the velocities of particles.
When the optimum information for the swarmis stagnant , some particlesin the population areinitialized a-
gain to reduce the posshility of becoming trapping in alocal optimum. Compared to the step steepest de-
scent algorithm , training the CNN E model with the particle swarm optimization algorithm can improve the
speed of convergence of the algorithm while keeping its precison, which solves the challenge of real-time
measurement of emissgvity.
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Fig 1 Flow chart of PSO algorithm
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Table 1 Emissivity sample data of the CNNE model

A €

Mm A B c
1 0 40 085 Q50 0 85
2 0 45 0 83 053 0 83
3 0 50 0 80 Q55 Q 80
4 055 Q77 Q 57 Q77
5 0 60 075 0 60 Q75
6 0 65 Q73 Q 62 Q73
7 Q70 Q70 Q 65 Q70
8 Q75 0 67 Q 67 Q 69
9 0 80 0 65 Q70 Q70
10 085 0 62 Q73 Q73
11 0 90 0 60 Q75 Q75
12 095 Q 57 Q77 Q77
13 1 00 055 Q 80 Q 80
14 105 0 53 Q83 Q83
15 110 0 50 Q85 Q85
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|EEE World Congress on Computational
Intelligence (WCCI' 2008)

The 2008 |EEE World Congress on Computational Intelligence (WCCI 2008) will be held at the Hong
Kong Convention and Exhibition Centre duringJune 1 6, 2008. WCCI 2008 is composed of the 2008 In-
ternational Joint Conference on Neural Networks (IJCNN 2008) , the 2008 |EEE International Conference
on Fuzzy Systems (FUZZIEEE 2008) and the 2008 IEEE Congress on Evolutionary Computation (CEC
2008) . The congress will feature world-renowned plenary speakers, regular technical sessons, state-of-
the-art special sessons, interactive poster sessons, moderated panel discussons, informative pre-confer-
ence tutorials, themed post-conference workshops, and entertaining social functions. Researchers are invi-
ted to contribute high-quality papersto WCCI 2008. All papers are to be submitted electronically through
the Congress webste by December 1, 2007. All contributed papers will be reviewed by expertsin thefields
based on the criteria of originality , Sgnificance, quality , and clarity. For general inquiries, please contact
CGeneral Chair Jun Wang at jwang @mae. cuhk. edu. hk. For program inquiries, contact IJCNN2008 Pro-
gram Chair Derong Liu at dliu @ece. uic. edu, FUZZ IEEE2008 Program Chair Gary Feng at megfeng @
cityu. edu. hk, or CEC2008 Program Chair Zbigniew Michalewicz at zbyszek @cs. adelaide. edu. au. For
more details, please visit the conference web site at http :// www. wcci2008. org/ .



