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343.533 333.232 km’ /h 251. 637 Tab. 1 Table of the comtrast and analysis of the three algorithms
264.470 km’ /h
: : M - ABC 0.105 2 1.502 6 2.297 3
1.734%: NO, ABC 0.106 4 3.4629 5.299 4
183.705 mg/m? 76. 905 mg/m? PSO 0.099 1 3.0733 4.703 2
NO,
2
Tab. 2 Contrast of the data before and after the optimization of the operating conditions
/teh™! ( AMP) /km® * h~! /km3 * h~! / NO, /
A B C D % mg * m~?
61.082  55.085 55.29 61.178 125.763 134.040  343.531 333.232  200.351 194.955  4.734 183.705
48.399  48.567 56.814  47.775 145.863 129.099  251.637 264.4702 204.635  219.885 3 76.905
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nano—luid working media on the migration characteristics of the heat and mass in the film evaporation zone on the
capillary curved liquid surface. It has been found that increasing the superheating degree will lead to a decrease of
the area of the film evaporation zone an increase of the heat flux density on the evaporation interface and an in—
crease of the total heat quantity exchanged in the film evaporation zone and at the same time however weaken the
stability of the film interface. By adding an appropriate amount of nano particles to the traditional fluid working me—
dium the kinematic viscosity coefficient of the nanoHluid will decrease with an increase of the volume fraction the
heat conduction coefficient will increase with an increase of the volume fraction thus affecting its heat and mass
transfer effectiveness. In the meantime however the stability of the evaporation interface will be weakened. A vari—
ety of nano-luids has a conspicuous influence on the capillary curved liquid evaporation surface and the nano-fluids
with a relatively low kinematic viscosity coefficient and a relatively high heat conduction coefficient can have more
heat quantity be transferred. Key Words: capillary curved liquid surface nano-fluid film evaporation heat and

mass transfer

NO, = Optimization of the Prediction of the NOx Emissions of
a Boiler Based on an Improved Swarm Algorithm NIU PeiHfeng LIU Yong-chao ZHANG Xian-chen
ZHANG Xiang-ye ( Hebei Provincial Key Laboratory on Industrial Computer-based Control Engineering Yanshan U-

niversity Qinhuangdao China Post Code: 066004 ) //Journal of Engineering for Thermal Energy & Power.
-2014 29(4). -427 -433

Studied were the problems relating to the NO,, emissions of circulating fluidized bed boilers in power plants and im—
proved was the artificial swarm algorithm. In combination with the least square supporting vector machine the au—
thors established a model for the NO, emissions of boilers and optimized the adjustable parameters of the boiler and
reduced the NO, emissions concentration. A comparison of the improved artificial swarm algorithm with the basic
artificial swarm algorithm and the particle colony algorithm indicates that the model based on the improved artificial
swarm algorithm can predict very well the NO, emissions concentration and boasts a very strong identification and
generalization ability and at the same time it also indicates that the improved artificial swarm algorithm is quick in
calculation and has an edge in optimizing data. Through a simulation test the optimized NO, emissions concentra—
tion can obviously decrease displaying its practical value in engineering applications. Key Words: boiler combus—

tion optimization least square supporting vector machine NO, emissions concentration artificial swarm algorithm

= Applications of the Orthogonal Test Method in the
Numerical Simulation Study of Waveform Plate Separators WANG Song WANG Ting ZHANG Zhi-

qiang WANG Meng ( College of Power and Energy Source Engineering Harbin Engineering University Harbin Chi-



