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Abstract

Traditional spraying systems suffer from problems such as low control accuracy, response delay,
and insufficient disturbance rejection capability. To address these issues, this study proposes an
intelligent atomization spraying control system based on the integration of Model Predictive Con-
trol (MPC) and Particle Swarm Optimization (PSO). First, the system is modeled as a second-order
dynamic system, and a state-space model is established to describe the dynamic variation process
of spray concentration. Second, an MPC controller is designed to achieve dynamic regulation of sys-
tem output through a rolling optimization strategy. On this basis, multiple performance indices, in-
cluding mean square error, overshoot, and control energy, are constructed. The PSO algorithm is
then introduced to globally optimize the key parameters of the MPC controller. Finally, simulation
experiments are conducted in the MATLAB environment. The results demonstrate that the pro-
posed method outperforms both the standalone MPC and open-loop control strategies in terms of
tracking accuracy, overshoot suppression, and control smoothness, although it slightly increases
control energy consumption. Specifically, the mean square error (MSE) of MPC + PSO is 0.0409, com-
pared with 0.0482 for standalone MPC and 0.0655 for open-loop control. The overshoot of MPC +
PSO is 21.65, while standalone MPC and open-loop control achieve 25.37 and 35.12, respectively. In
terms of energy consumption, MPC + PSO reaches 30.26, whereas standalone MPC and open-loop
control consume 29.54 and 28.47, respectively.
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Figure 1. Algorithm framework
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Figure 2. Schematic diagram of the atomized spraying system
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Figure 3. Schematic diagram of system discretization and MPC predictive control structure
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Figure 4. Flowchart of the Particle Swarm Optimization (PSO) algorithm
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Table 1. Statistical results of 20 independent simulations of MPC-PSO
# 1. MPC + PSO 20 IR IHE MR

Sequence MSE Overshoot settling_time (s) Energy
1 0.0415 22.38 1.55 30.25
2 0.0397 23.05 1.51 30.47
3 0.0407 21.80 1.53 30.36
4 0.0407 21.50 1.58 30.38
5 0.0413 2042 1.47 30.20
6 0.0414 21.01 1.56 30.27
7 0.0409 21.03 1.51 30.15
8 0.0410 21.45 1.61 30.32
9 0.0406 20.78 1.48 30.23
10 0.0408 22.50 1.48 30.26
11 0.0409 21.15 1.51 30.20
12 0.0413 21.07 1.56 30.08
13 0.0412 22.65 1.54 30.32
14 0.0416 22.85 1.54 30.23
15 0.0409 20.75 1.48 30.24
16 0.0402 21.20 1.50 30.23
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17 0.0414 21.21 1.49 30.17

18 0.0402 22.69 1.51 30.39

19 0.0412 2147 1.48 30.09

20 0.0414 21.96 1.53 30.37
average 0.0409 21.65 1.52 30.26
standard deviation 0.0005 0.79 0.04 0.10

Table 2. Performance evaluation results of the MPC-PSO hybrid optimization model
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HREE bR Average Standard Deviation
MSE 0.0409 0.0005
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Table 3. Comparative performance of different control strategies
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Figure 6. Performance comparison of different control strategies
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