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Particle swarm optimization optimizing training
set in chemical engineering modeling
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Abstract; Two methods were proposed to optimize the training set of chemical engineering modeling based
on particle swarm optimization (PSO) with random sampling. The forecasting model was formed by
integrating PSO and other machine learning arithmetic which was used to model. In method 1 the optimized
training set was acquired firstly by optimizing the training set which set the goal of minimizing the mean of
squared errors (mse) in cross validation, secondly by making the prediction to the validation set, and lastly
by choosing the one that gave the best prediction results among the optimized training sets. In method 2 the
thought of early stop in BP neural network was adopted. The optimized training set was acquired firstly by
optimizing the training set which set the goal of minimizing the mse to the validation set, secondly by
making the prediction to the testing set, and lastly by choosing the one that gave the best prediction results
among the optimized training sets. These two methods were used to deal with the simulation data and the
gasoline blending data collected from a refinery. The results showed that the methods could improve the
accuracy of prediction greatly. These two methods are worth generalizing in chemical engineering modeling

in the future.
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Table 1

Results of cross validation and predicted results to validation set by clean,

noise and optimized training set based on method 1

10-fold cross validation

To validation set

Training set

mse R, mse ARE=5% ARE=10%
clean 4.668X10 4 0.997 7.979 X101 12 2
noise 0. 0567 0. 666 0.0381 73 61
optimized 0. 0080 0.953 0.0044 35 16

F2 FTARINGERFINSENFRRINSEENHIEEMNIKERH TN LR

Table 2 Predicted results to validation and testing set by clean, noise and optimized training set based on method 2

To validation set

To testing set

Training set

mse ARE=5% ARE=10% mse ARE=5% ARE=10%
clean 6.339X10"* 11 2.555 X101 9 6
noise 0. 0091 62 0. 0094 55 29
optimized 0.0010 24 8.8264 X101 22 5
R3 Feillgrse MRS IS & i 5~ 25 5 3 T & B0 T 45 R
Table 3 Predicted results to clean and noise prediction set by clean, noise and
optimized training set based on method 1 and method 2
To clean prediction set To noise prediction set
Method Training set
mse ARE=5% ARE=10% mse ARE=5% ARE=10%
1 clean 3.49X10 ¢ 8 2 0. 0665 16 10
noise 0.0332 81 59 0. 0442 81 59
optimized 0. 0030 20 11 0. 0661 26 18
2 clean 2.90X10°* 7 3 0. 0695 15 11
noise 0.0107 52 30 0.1276 56 38
optimized 5.11X10°* 17 5 0.0693 24 13
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Table 4 Results of cross validation & predicted results to validation and prediction set by

original and optimized training set based on method 1

10-fold cross validation

To validation set To prediction set

Training set

mse R?, MAE AE=0. 3 MAE AE>=0.3
original 0.0762 0.0811 0.273 23 0. 369 25
optimized 0. 0487 0.239 0. 220 15 0.237 11
Note: AE= | measured octane number— predicted octane number | ; MAE=2> | measured octane number— predicted octane number | /

number of sample of prediction set.
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