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A Method of HVAC Process Object Identification Based on PSO
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Abstract: The operation effect of HVAC system is largely determined by the automatic conirol system.
In the conwventional control process the PID parameters need to be set according to the engineering
experience. The conirol precision is not enough and the robusiness is poor. The performance of PID
control based on the system transfer function is relatively good however it is usually limited by the
accuracy of transfer function. A method based on Particle Swarm Optimization ( PSO) is studied for the
model parameters identification of an object in HVAC system. In the process of the identification we
simplify a transfer function as a second order plus dead time model the PSO algorithm is utilized to
optimize the parameters of the model. By setting the fitness function as minimum differentiation between the
outputs of the system and the model we obtain the best parameters. Two examples are given to show the
method is simple and the results are accurate.

Keywords: system identification; Particle Swarm Optimization ( PSO) ; transfer function; second —

order plus dead — time model; model reduction
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Table 1 System outputs of Example 1( without noise and with noise)
t 0 10 20 30 40 50 60 70 80 90 100
C, 0.00 0.03 0.28 0.77 1.40 2.06 2.66 3.18 3.61 3.95 4.22
C,_, 0. 000 0.034 0.290 0.746 1.389 2.107 2.703 3.107 3.635 3.784 4.323
t 110 120 130 140 150 160 170 180 190 200 -
C, 4.42 4.57 4.69 4.77 4.83 4.88 4.91 4.94 4.95 4.97 -
C,_, 4.405 4.441 4.517 4.536 4.607 5.120 5.134 4.821 5.019 4.966 -
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Fig. 2 Fitting Results( Example 1)
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Table 2 System outputs of Example 1( without noise and with noise)

t 0 5 10 15 20

25 30 35 40 45 50

C, 0.00
s-n 0.00

0.06
0.06

0.31
0.31

0.63
0.64

0.96
0.97

1.24 1.48 1.68 1.83 1.96 2.05
1.26 1.53 1.70 1.87 2.03 2.00

t 55 60 65 70 75

80 85 90 95 100 -

2.19
2.18

2.24
2.33

2.27
2.20

C, 2.13
C,_, 2.21

2.30
2.42

2.32 2.34 2.35 2.36 2.37 -
2.21 2.43 2.39 2.24 2.37 -
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